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Drought poses a threat to socio-economic activities across eastern Africa and its 
river basins. While there are indications that global warming may continue to 
enhance evaporation and intensify droughts at all scales, most drought 
projections over eastern Africa are based on rainfall alone and are limited to 
meteorological droughts. The present study combines rainfall and Potential 
Evapotranspiration (PET) to examine the characteristics of meteorological and 
hydrological droughts in present and future climates at the regional and river 
basin scales. To accomplish that we have applied five objectives; i) Study the 
temporal and spatial characteristics of eastern Africa droughts modes, ii) 
Investigate how some atmospheric teleconnections influence the characteristics 
of the Africa droughts modes, iii) Examine the influence of 1.5°C and 2°C global 
warming levels on drought modes in eastern Africa under two future climate 
scenarios, RCP 4.5 and RCP8.5 iv) Assess how increases in global warming will 
influence drought characteristics over eastern African river basins. v) Examine 
the potential impacts of climate change and land use change on water availability 
in the Rufiji River basin (RRB), Tanzania, with an emphasis of hydrological 
droughts in this basin.  
 
Different types of datasets, including gridded and station observation datasets, 
regional climate model simulations (CORDEX: Coordinated Regional Climate 
Downscaling Experiment) and hydrological simulations (SWAT: Soil and Water 
Assessment Tool), were analysed for the study.  The meteorological drought 
were characterised using two indices (i.e. Standardized Precipitation 
Evapotranspiration Index, SPEI; Standardized Precipitation Index, SPI) at 3- and 
12-month scales, while the hydrological droughts were characterised using four 
indices (i.e. soil water index, SWI; Surface Runoff Index, RFI; Water Yield 
Index, WYI;  and Stream Flow index, SFI). The study combined principal 
component analysis (PCA) with wavelet analysis to identify the spatio-temporal 
structure of four dominant drought modes over the region. It also used wavelet 
coherence to quantify the influence of four atmospheric teleconnections (i.e. El 
Niño Southern Oscillation, ENSO; Indian Ocean Dipole, IOD; Tropical Atlantic 
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Dipole Index, TADI; and Quasi-Biennial Oscillation, QBO) on the drought 
modes. The study also projects the characteristics of future droughts over eastern 
Africa and its major river basins at different global warming levels (GWLs). 
Series of hydrological simulations were used to assess the sensitivity of future 
droughts to four land use change scenarios (i.e. increase in forestry, shrubs, 
cropland and agriculture) over the Rufiji River Basin (RRB), a prominent river 
basin in eastern Africa. Although eastern Africa have been documented with 
several drought studies, the application of a combination of PCA, Wavelet 
analysis, wavelet coherence and Self Organizing Maps provides more 
comprehensive representation of droughts in the region using SPEI/SPI derived 
from both models and observations 
 
The results of the study show that the four drought modes, which have their core 
areas over different parts of eastern Africa, account for more than 45% of drought 
variability in the region. All the drought modes are strongly coupled with either 
ENSO or IOD indices (or both); but, in addition, one of the modes is also strongly 
coupled with the TADI. CORDEX models give a realistic simulation of the 
relevant climate variables for calculating drought indices over eastern Africa and 
the river basins. However, the ensemble mean struggles to reproduce the spatial 
distribution and frequency of drought intensity in the region. The CORDEX 
simulations project no changes in the spatial structure of the drought modes but 
suggest an increase in SPEI drought intensity and frequency over the hotspots of 
the drought modes and elsewhere in the region. The magnitude of the increase, 
which varies over the drought mode hotspots, increases with increasing GWLs. 
The projections also show that the increase in intensity and frequency of drought 
can be attributed more to increased PET than to reduced precipitation. In contrast 
to the SPEI projection, the SPI projection shows a weak change in intensity and 
frequency of droughts, and the magnitude of the increase does not vary with the 
GWLs. Over the river basins, the SPEI projections are more robust than the SPI 
projections. Over the RRB, the future projections of some hydrological drought 
indices (i.e. RFI and SFI) follow the change in the SPEI projections, while others 
(i.e. SWI and WYI) follow that of SPI. Among the four land use scenarios 
considered, only forestry and shrubs show a substantial change in the 
hydrological drought indices. The results of the study thus give valuable insight 
Page | v  
 
into the characteristics of future droughts in eastern Africa and provide a useful 
guide to the effectiveness of using land cover to reduce the severity of 
hydrological droughts over river basins in the region. However, resolution of 
CORDEX dataset (50km, i.e. 0.44deg) could be among the potential limitation 
as it is too low to capture the influence of local-scale processes (e.g. sea breeze, 
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Eastern Africa consists of ten developing countries (i.e. Tanzania, Eritrea, Djibouti, 
Ethiopia, Somalia, Kenya, Uganda, Burundi, Rwanda, and South Sudan) located in the 
easterly part of sub-Saharan Africa (Fig 1.1). The eastern African region, which covers 
an area of about 5.9 million km2, accommodates more than 150 million people, and is 
characterised by striking highlands (e.g. the Ethiopian highlands and the East African 
highlands), the continent's tallest mountains (Mount Kilimanjaro in Tanzania, Mount 
Kenya in Kenya and Mount Rwenzori in Uganda), the African Great Lakes (e.g. Lake 
Victoria and Lake Tanganyika), numerous rivers (e.g. the Nile River, the Rufiji River 
and the Tana River), and the world's greatest rift valley (Eastern Great Rift), where 
earthquakes and volcanic eruptions are common.  This region features various climatic 
zones, from desert conditions in the east (arid zones of >500mm/year) to more humid 
conditions (>2000mm/year) in the west. It also has a large diversity of species and 
ecosystems. A wealth of cultural diversity and overflowing potentials for agriculture, 
mining, energy, and technology investment opportunities make this region unique and 
an attractive place for tourism. 
 
Nevertheless, the populations dwelling in eastern Africa are among the poorest in the 
world. More than 80% of the eastern African population is living below the poverty 
line, which is attributed to several factors. These include high population density, 
environmental degradation, water shortages, poor infrastructure, inadequate access to 
information, and poor government policies, all of which have held back the 
development of the region. In addition, political instabilities that have resulted in wars 
and conflicts have led to refugee movements, increased migration, and unsettled 
societies, all of which hamper development planning. The spread of diseases such as 
HIV/AIDS and the prevalence of inadequate health systems also increase the severity 
of poverty. However, climate variability and change, which induce or intensify extreme 
events like heat waves, flooding and droughts, are considered to pose the biggest 
challenge to the development of the region. This is mainly because this region relies on 
 
Page | 2 
 
rain fed agriculture (~60%) and livestock production (~20%) for food and income 
generation. These climate extremes thus pose a significant threat to agriculture, food 
security and socio-economic activities in eastern Africa. To reduce poverty in this 
region, there is a need for studies on understanding the characteristics of these extreme 
events. The present thesis focuses on drought, which is the most notorious, most subtle 




Figure 1.1: Map of the Eastern African region. 
 
Eastern African river basins play a significant role in sustaining the wellbeing of the 
people. They provide fresh water for riparian communities and maintain life-supporting 
ecosystems. In addition, most agricultural activities in eastern Africa take place within 
the catchment areas of the basins. In recent years, the decreasing crop production due 
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to drying conditions over most eastern African river basins has been a cause for concern 
(Mbaga, 2015; McCartney et al., 2008; Mwakalila, 2011). Although the drying of the 
basin has been attributed to overpopulation and the overharvesting of forest resources, 
the impact of global warming has also been identified as a major driver. For example, 
Nauman et al. (2014) reported severe drought intensity over the eastern Nile basin, 
attributing this to enhanced evapotranspiration induced by higher temperatures. Githui 
(2009) also attributed the observed reduction in run-off over the Nzoia catchment to 
higher evapotranspiration due to higher temperatures. Given the magnitude of projected 
climate changes, there is a need to understand how climate change may affect the 
intensity and frequency of droughts in some river basins of East Africa, where the 
majority of the population is concentrated in order to access resources. That is also the 
focus of the present study. 
 
1.2 What is a drought? 
While drought is a well-known and widely accepted term in most societies globally, 
there is in fact no quantitative definition of drought that is acceptable to everyone. 
Several drought definitions have already been proposed (Wilhite & Glantz, 1985), and 
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Table 1.1: Definitions of drought 
Drought definition Reference 
“Drought is the percentage of years when crops fail from the 
lack of moisture”. 
FAO, 1983 
“Droughts originate from a deficiency of precipitation, 
resulting in water shortage for some activity or for some group, 
and its severity may be aggravated by other meteorological 
elements”. 
AMS, 1997 
“Drought means the naturally occurring phenomenon that 
exists when precipitation has been significantly below normal 
recorded levels, causing serious hydrological imbalances that 
adversely affect land resource production systems”. 
General, 1994  
“Drought means a sustained, extended deficiency in 
precipitation.” 
WMO, 1986 
“Drought is an extended period – a season, a year, or several 
years – of deficient rainfall relative to the statistical multi-year 
mean for a region.” 
Schneider, 1996 
“Drought is a significant deviation from the normal hydrologic 
conditions of an area”. 
Palmer, 1965 
 
As can be seen from the above, different drought definitions could lead to different 
conclusions regarding the conditions of drought. For example, if the focus is on drought 
as defined by precipitation level, it is possible to conclude a no-drought condition for a 
certain season, even though the same condition would not be suitable for plant growth 
and production. Similarly, a good year for crop production might not omit the 
deficiencies in stream flow, dams and subsurface water storages. It is therefore 
important to note that drought affects different sectors of society differently, and that 
therefore the drought definition needs to be chosen carefully by focusing on the 
particular problem under study. In the current study we have based mostly on Palmer 
drought definition 
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1.3 Classification of droughts 
Drought can be grouped into four major categories: meteorological, agricultural, 
hydrological, and socio‐economic (Mishra & Singh, 2010; Wilhite & Glantz, 1985) (see 
Fig. 1.3). 
 
1.3.1 Meteorological drought  
Meteorological drought is the climatic condition that occurs when there is a deficit in 
precipitation compared to the long-term average (Dai, 2011). This definition is however 
not consistent over different regions, because atmospheric conditions vary in different 
areas. Therefore, the precipitation thresholds should be region-specific. Such a decrease 
in precipitation will also result in decreased cloudiness and relative humidity, as well 
as increased temperature, evapotranspiration, and radiation. The main causes of 
meteorological drought are the changes in large‐scale atmospheric circulation patterns, 
which are often triggered by the variability of tropical sea surface temperatures (SSTs) 
or other remote conditions (Giannini et al., 2003; Hoerling et al., 2006).  
  
1.3.2 Agricultural drought  
Agricultural drought is a period of soil moisture deficits that results from below-average 
precipitation, above-normal evaporation, increased temperature, and persistent wind 
(Mishra & Singh, 2010). As a result, plant growth is affected, and crop production 
decreased. Because different plants have different demands for water, therefore, this 
concept varies in relation to each plant. Normally, this type of drought occurs after 
meteorological drought and before hydrological drought. 
 
1.3.3 Hydrological drought  
Hydrological drought occurs when the river stream flow and water storages in aquifers, 
lakes, or reservoirs decrease below long-term mean levels (Dai, 2011). Hydrological 
drought normally develops more slowly and lags the occurrence of meteorological and 
agricultural droughts. Climate fluctuations often trigger hydrological droughts, but 
other factors such as land use change, land degradation and poor water management, 
also enhance these types of droughts. For example, overgrazing and increased 
agriculture activities in the Ihefu basin of Tanzania threatened the ecosystem of Ruaha 
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National Park due to the increased dry period of the Great Ruaha River (Mwakalila, 
2011).  
 
1.3.4 Socio-economic drought 
Socio-economic drought occurs when the demand for water resources in the community 
is higher than the supply (Wilhite, 2000). Such shortages in water supply that depend 
on weather will interfere with several activities, like industries and agriculture, which 
then affects human communities. For example, in Ethiopia in 2002-2003, drought 
resulted in agriculture failures, which placed increasing demand on crop products, such 
as cereals. In Tanzania, during 2011, drought resulted in a severely reduced electricity 
supply because the country's main sources of power were hydroelectric plants, which 
are water-based and thus affected significantly by decreased precipitation. This in turn 
placed increasing demands on industrial products that require a reliable power supply 
for production processes.  
 
The emphasis of the present study is on the first three types of drought, namely: 
meteorological, agricultural, and hydrological droughts, which are easier to quantify 














Figure 1.3: Types of droughts and how they develop. Source: National Drought Mitigation 
Center (NDMC), University of Nebraska-Lincoln 
 
1.4 Essential characteristics of droughts 
The environmental and socio-economic impacts of drought are determined by four main 
drought characteristics (Fig. 1.4): intensity, frequency, spatial coverage and duration. 
Intensity of drought denotes the degree of precipitation, soil moisture, or water storage 
deficit in each area over a specified period. Based on the most common drought models, 
such as the Palmer Drought Severity Index (PDSI) (Palmer, 1965), drought intensity 
can be classified as mild, moderate, severe or extreme. Frequency of drought is the 
recurrence interval between drought episodes in a given region. Spatial coverage 
denotes the geographical extent affected by a specific drought event. A moderate 
drought occurs over a small region, but extreme ones can cover a continent. Duration 
of drought refers to the length of time that a given drought episode lasts. Mild drought 
can last for several months and up to a few years, but extreme drought can persevere 
 
Page | 8 
 





Figure 1.4: Identification of drought characteristics (Source: Yevjevich, 1967). 
 
1.5 Quantification of drought  
Choosing the most suitable index to characterise or quantify droughts is a major 
challenge in drought monitoring research (Ujeneza & Abiodun, 2014). As a result, 
different drought indicators have been introduced and used to characterise the different 
kinds of drought (e.g. meteorological, agricultural, and hydrological), and the 
performance of those indices differs across different regions (Heim, 2002; Mishra & 
Singh, 2010). Examples of such drought indices are the Palmer Drought Severity Index 
(PDSI) (Palmer, 1965), the Standardized Precipitation Index (SPI) (McKee et al., 
1993), the Bhalme–Mooley Index (BMI) (Bhalme & Mooley, 1979) and the 
Standardized Precipitation Evapotranspiration Index (SPEI) (Vicente-Serrano et al., 
2010a). These drought indices are essential tools for explaining drought events. 
 
SPI, the most recommended drought indicator globally, has been used frequently for 
drought monitoring over eastern Africa (Degefu & Bewket, 2014; Ntale & Gan, 2003; 
Viste et al., 2013). It is also recommended by the World Meteorological Organization 
(WMO) for monitoring meteorological drought (Hayes et al., 2011). Positive and 
negative values of SPI indicate wet and dry periods, respectively, and reflect the 
drought intensity. SPI values between -0.1 and -1.0 refer to moderate droughts, values 
between -1.1 and -2.0 refer to severe droughts, and values below -2.1 indicate extreme 
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droughts (McKee et al., 1993). Ntale and Gan (2003) proposed the use of SPI in 
studying drought over eastern Africa in comparison to PDSI and BMI. The SPI was 
found to better represent the drought characteristics of the region. Also, the concept of 
SPI can be applied to other variables, such as soil moisture, agricultural drought, and 
hydrological drought monitoring (Belayneh et al., 2014; Bernard et al., 2013; Degefu 
& Bewket, 2014; Vicente-Serrano et al., 2012b); whereas SPI_3 (i.e. 3 months SPI) can 
be used as a meteorological drought index, SPI_6 (i.e. 6 months SPI) is highly 
correlated with an agricultural drought index, and SPI_12 (i.e. 12 months SPI) and 
SPI_24 (i.e. 24 months SPI) can detect hydrological droughts. Therefore, SPI is widely 
used in drought studies because it is multiscalar, flexible and simple to use (McKee et 
al., 1993). Its main drawback, however, is that its calculation is based on precipitation 
data only. The index does not consider other variables that can influence droughts, such 
as wind speed, evapotranspiration, temperature, and soil water holding capacity. 
 
Drought is a complex phenomenon. Although it primarily originates from sustained 
precipitation deficits (e.g. Diasso & Abiodun, 2015; Marshall et al., 2012; Meque & 
Abiodun, 2015; Patricola & Cook, 2011; Shongwe et al., 2011; Vicente-Serrano et al., 
2010b), one single indicator (i.e. precipitation) may be insufficient for describing all 
drought features. Nonetheless, in eastern Africa, most studies have characterised 
droughts using mostly precipitation (e.g. Dutra et al., 2013; Elagib, 2013; Elagib & 
Elhag, 2011; Viste et al., 2013). While some have used the precipitation index, such as 
the SPI (Belayneh et al., 2014; Degefu & Bewket, 2015; Dutra et al., 2013; Edossa et 
al., 2010; Elkollaly et al., 2017; Khadr, 2016), several studies have analysed the changes 
in rainfall itself by looking at the quantity, timing, intensity or duration of rainfall 
(Githui, 2009; Mtalo et al., 2005; Yanda & Munishi, 2007). The integration of different 
drought-related variables is essential for efficient drought analysis (Dai 2011; Sheffield 
et al., 2012; Vicente-Serrano et al., 2010b; Wilhite, 2005). For example, 
evapotranspiration is observed to have a significant influence on drought conditions, 
especially given ongoing global warming trends (Abramopoulos et al., 1988; Marshall 
et al., 2012), as it coincides with increases in maximum temperature. 
Evapotranspiration contributes significantly to drought variability in eastern Africa 
(Patricola & Cook, 2011; Shongwe et al., 2011; Ghebrezgarbher et al. 2016). Over most 
parts of southern Africa, ENSO is better correlated with temperature than with rainfall 
(Meque & Abiodun, 2015). Hence, using only precipitation to characterise eastern 
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African droughts might underestimate the drought intensity and misrepresent the 
influence of atmospheric teleconnections. The inclusion of evapotranspiration in 
characterising droughts would also account for the influence of other variables, like 
temperature, solar radiation, relative humidity and wind speed. Therefore, using both 
precipitation and evapotranspiration in quantifying droughts would result in more 
realistic drought characteristics than using only precipitation (Vicente-Serrano et al., 
2012a). 
 
To improve the accuracy of SPI, SPEI was developed by incorporating the variable of 
evapotranspiration (which allows drought conditions to be analysed based on variations 
in the water balance). Similar to SPI, SPEI quantifies the dry and wet conditions at 
different time scales. SPEI is more complex than SPI because it includes several other 
variables, such as temperature, solar radiation, relative humidity, and wind speed. 
Generally, the category and value of the SPEI are the same as those of the SPI. SPEI 
has been applied widely in several studies around the globe. For instance, the SPEI 
index is the best in computing drought responses on hydrological, agricultural and 
ecological variables (Vicente-Serrano et al. (2012b). Paulo et al. (2012) studied climate 
trends and the behaviour of drought indices using precipitation and evapotranspiration 
in Portugal. Among the indices applied, SPEI was found to be useful for identifying 
severe and extreme droughts at appropriate temporal and spatial distributions. The 
index was also found to be useful in reproducing the drought events in China (Yu et al., 
2014) and in southern Africa (Ujeneza & Abiodun, 2014). However, only limited 
studies have applied SPEI to characterise the droughts over eastern Africa (e.g. 
Hassanein et al., 2013; Masih et al., 2014; Naumann et al., 2014; Ghebrezgarbher et al. 
2016). Hence, the current thesis applies SPEI to identify the large-scale drought systems 
over the bigger domain of Eastern Africa which most studies have not presented. Also, 
it incorporates SPEI to analyse hydrological drought conditions in the region as it 
becomes more severe with increasing climate change. 
 
1.6 Impacts of droughts on socio-economic activities in Eastern 
Africa 
Droughts usually have devastating impacts on environments, agriculture, water 
resources, and socio-economic activities, and so too in eastern Africa. It causes land 
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degradation, damages crops, kills animals, initiates diseases and epidemics, affects 
human lives, and reduces the agricultural production (Haile et al. 2019) on which the 
Gross Domestic Product (GDP) of many eastern African countries is based (Dutra et 
al., 2013; Mishra & Singh, 2010). Since 1950, this region has witnessed recurrent 
severe droughts (Anyah & Qiu 2012; Cook & Vizy 2012; Damberg & Aghakouchak 
2014; Lyon & DeWitt, 2012; Haile et al. 2019). For instance, in 1983-1984, droughts 
triggered a famine that led to more than 100,000 fatalities in Sudan and northwest 
Ethiopia (Degefu, 1987). The 1999-2001 drought led to a loss of more than 2.3 billion 
dollars in the economy of Kenya (UNDP, 2008). In 1998-2005, a persistent drought 
destroyed crops and livestock and caused a major food shortage in Tanzania (Kijazi & 
Reason, 2009), inducing widespread diseases and malnutrition, especially among 
children, women and elderly people (Funk et al., 2014). This necessitated an emergency 
appeal to support more than 70 000 people affected by the drought (Kijazi & Reason, 
2009). The drought of 2002-2003 affected about 2.9 million people in Ethiopia (Degefu 
& Bewket, 2014). It caused a 12% decrease in agricultural outputs and led to a drop of 
about 3.8% in the GDP of the country. The drought of 2010-2011 plunged eastern 
Africa into the worst food security crisis in the last two decades (Earth Observatory, 
2011), affecting more than 8 million people (ACTED, 2011; Funk, 2011). It was the 
worst drought in the past 60 years (ACTED, 2011; Funk, 2011). 
  
As drought reduces the water volume in dams, it reduces hydroelectric power 
generation, thereby affecting non-agricultural economic sectors too (Kaunda & Mtalo, 
2013). For instance, the drought in 2002-2003 over Ethiopia led to power interruptions 
that lasted for about 4 months, with complete interruptions occurring one day per week 
throughout the country (Degefu & Bewket, 2014). Drought is a major source of conflict 
among eastern African communities, as they fight for available scarce resources (Fjelde 
& Von Uexkull, 2012; Ide et al., 2014). Hence, directly and indirectly, droughts lead to 
human suffering and human death. Drought also depletes groundwater reservoirs and 
reduces freshwater availability. It forces people to use water from unsafe sources. As a 
result, people suffer from diseases like cholera, diarrhoea, and dysentery (Ujeneza & 
Abiodun, 2015). Other diseases like fever can also emerge (Chretien et al., 2007). For 
instance, the drier conditions in 1998 caused the outbreak of chikungunya fever along 
the coast of eastern Africa (Chretien et al., 2007). Other impacts of droughts in this 
region include mass migration of people and their animals, insect infestations and 
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degradation of biodiversity (Degefu & Bewket, 2014; Dutra et al., 2013). Therefore, 
reliable early warning systems on droughts could help to reduce the devastating impacts 
of droughts in this region, but the development of such systems requires good 
knowledge of the characteristics and drivers of eastern African climate and droughts. 
 
1.7 Climate of eastern Africa  
The climate of eastern Africa is complex, mainly because of the influence of the 
maritime and terrestrial interactions on the climate (Lyon, 2014; Yang et al., 2015). The 
region generally has a semi-arid climate and experiences small variations in 
temperature throughout the year but exhibits a high degree of spatio-temporal 
variability in rainfall (Yuan et al., 2013). This causes rainfall to be a key climatic factor 
in eastern Africa. The main control of rainfall over most of the region is the movement 
of the Inter-Tropical Convergence Zone (ITCZ), in combination with Hadley cell 
atmospheric circulations (Anyah & Qiu, 2012; Hastenrath, 2001). Topographical 
features also play an important role in low-level atmospheric circulation and moisture 
transport (Kinuthia, 1992), which causes the patterns of rainfall to change over short 
distances (Nicholson, 1996). However, compared to other regions along the same 
latitude, eastern Africa receives a low amount of mean annual rainfall (Yuan et al., 
2013).  
 
Eastern Africa is characterised by two major rainfall regimes: the bimodal regime rains 
in March–May (MAM) and October–December (OND), and the unimodal regime rains 
in June–September (JJAS) and December–March (DJFM) (Dutra et al., 2013; Lyon & 
DeWitt, 2012; Nicholson, 2017; Yang et al., 2015) (Fig. 1.5). The bimodal rains are 
strongly linked to the latitudinal migration of the ITCZ (Nicholson, 1996; Nicholson, 
2017) (Fig. 1.6). When the ITCZ moves to the northern hemisphere, because of the 
bigger land mass in the north, it becomes much broader and moves much more slowly. 
This northward movement causes larger amounts of rainfall that are received during the 
longer season. Conversely, when the ITCZ shifts to the southern hemisphere, because 
of the smaller land mass in the south, it moves rapidly, particularly over the transition 
regions like the eastern part of East Africa. This slow movement creates less rain that 
does not last long (McGregor & Nieuwolt, 1998).  
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The north-eastern and central equatorial parts of eastern Africa are characterised by a 
bimodal rainfall distribution, which has been strongly affected by drought in recent 
years, for instance in 2010-2011 (Dutra et al., 2013). The unimodal JJAS pattern is 
dominant in the Ethiopian highlands and in the north-western regions of eastern Africa. 
The southern part of eastern Africa, in contrast, exhibits a unimodal rainfall pattern 
(DJFM) (Yang et al., 2015). MAM is referred to as the long rainfall season (more 
abundant rainfall), and is dominated by local factors rather than large-scale factors in 
the modulation of its patterns over the region (Indeje et al., 2000; Mutemi, 2003; 
Nyakwada et al., 2009). The corresponding OND rainfall period is regarded as the short 
rainfall season and tends to have stronger inter-annual variability and stronger spatial 
coherence, being substantially influenced by tropical and extratropical atmospheric 
circulations, such as the El Niño Southern Oscillation (ENSO) and the Indian Ocean 
dipole (IOD) (Hastenrath et al., 1993; Indeje et al., 2000; Nicholson & Kim, 1997; 




Figure 1.5: Distribution of precipitation patterns over eastern Africa generated from GPCC 
data for the period 1901-2010. Bar graphs present the annual cycle of precipitation averaged 
by month. (Adapted from Yang et al., 2015). 
 







Figure 1.6: The maximum positioning of the ITCZ during the northern hemisphere summer 
(July ITCZ) and the southern hemisphere summer (January ITCZ) (Source: Dommenget, 2018). 
 
1.8 The role of teleconnections over eastern Africa drought 
Eastern African droughts have a large spatial-temporal variability because the climate 
of the region is controlled by complex interactions between large-scale atmospheric 
circulations and local-scale features induced by coasts, high altitudes, and major lakes 
(Cook & Vizy, 2013; Daron, 2014; Lyon, 2014; Yang et al., 2015). The major 
teleconnections that modulate drought in the region are: the El Niño–Southern 
Oscillation (ENSO) (e.g. Indeje et al., 2000; Russell & Johnson, 2007; Trenberth et al., 
2014; Yuan et al., 2013), Tropical Indian Ocean SSTs (Black, 2005; Yamagata et al., 
2004), the Indian Ocean Dipole (IOD) (Hastenrath et al., 2007; Saji et al., 1999; Tierney 
et al., 2013; Ummenhofer et al., 2009), the Atlantic Ocean SSTs (Nicholson, 1996), and 
the Quasi-Biennial Oscillation (QBO) (Indeje & Semazzi, 2000; Jury et al., 1994; 
Ng’ongolo & Smyshlyaev, 2010). 
  
1.8.1 El Niño Southern Oscillation  
El Niño is referred to as the anomalous warming of the eastern tropical Pacific Ocean. 
The reverse is called La Niña. The collective of El Niño and La Niña conditions forms 
the El Niño Southern Oscillation (ENSO). ENSO has the strongest signal in controlling 
drought over the eastern Africa region (Indeje et al., 2000; Russell & Johnson, 2007; 
Trenberth et al., 2000; Yuan et al., 2013) especially at inter-annual time scales. The 
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increase in the SSTs in the eastern tropical Pacific Ocean results in the weakening of 
the easterly trade winds. This alters the Walker circulation and the convection zone in 
the tropics, thus affecting the climate in the mid-latitudes, including the East African 
region, through Rossby wave trains. There is a greater chance of drought over eastern 
Africa during the cold phase of ENSO (La Niña) years than during the El Niño years. 
For instance, the strong La Niña conditions in the tropical Pacific were the main cause 
of the 200-2011 drought over the Horn of Africa (Dutra et al., 2013; Lott et al., 2013; 
Tierney et al., 2013). Also, the La Niña conditions were the major factor behind the 
1999-2000 drought over eastern Africa (Anyamba et al., 2002). However, it is also 
known that some parts of eastern Africa, i.e. the North-western region, South Sudan 
and central-western Ethiopia, do experience drought during the warm phase of ENSO 
(El Niño) (e.g. Lyon, 2014; Zeleke et al. 2017). In addition, the influence of ENSO on 
the climate of eastern Africa is the result of an indirect forcing by ENSO on the Indian 
Ocean (Black, 2005; Latif et al., 1999). During ENSO cycles, anomalies from the 
tropical Pacific Ocean modulate Indian Ocean variability through changes to the 
atmospheric Walker circulation and in the ocean through the Indonesian Throughflow 




Figure 1.7: The impact of (a) El Niño and (b) La Niña conditions globally during the December 
- February season (Source: NOAA). 
 
1.8.2 Indian Ocean Sea Surface Temperature 
The tropical Indian Ocean SSTs have a strong influence on the climate of their near-by 
surroundings (Black et al., 2003; Cai & Cowan, 2013). Goddard and Graham (1999) 
observed a strong correlation between Indian Ocean SSTs and the variability of 
precipitation over eastern Africa using atmospheric general circulation model (AGCM) 
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experiments. Indian Ocean SSTs are found to drive the variability by altering 
(weakening/strengthening) the local Walker circulation. The AGCM simulations by 
Goddard and Graham (1999) showed that the convergent westerly flow, which results 
from cool SSTs anomalies in the western tropical Indian Ocean, reduces the moisture 
flux over eastern Africa, whereas the divergent easterly flow (from warm SST 
anomalies in the western tropical Indian Ocean) enhances the moisture flux over the 
region. Tierney et al. (2013) suggested that the changes in Indian Ocean SSTs or its 
gradient are the dominant influence on the eastern Africa precipitation variability at 




Figure 1.8: The relationship between the tropical Indian Ocean and eastern Africa rainfall as 
shown with precipitation and SST dominant patterns for November-December-January during 
1970-1992 (Source: Goddard & Graham, 1999). 
 
1.8.3 Indian Ocean Dipole 
The Indian Ocean Dipole (IOD) mode is characterised by irregular fluctuations of SSTs 
in the Indian Ocean (Saji et al., 1999). It occurs inter-annually in the tropical Indian 
Ocean (Guo et al., 2015; Saji et al., 1999; Webster et al., 1999). The majority of IOD 
events emerge from SST anomalies near the Java coast in response to the surface wind 
anomalies (Behera et al., 2006; Saji & Yamagata, 2003; Saji et al., 1999). These surface 
wind anomalies result from the variability of the Indian Monsoon or remote forcing 
from ENSO (Annamalai et al., 2003; Behera et al., 2005). The negative phase of IOD 
(which is recognised with anomalous strong south-easterly winds) is shown to decrease 
convective activities over eastern Africa and to cause droughts (Clark et al., 2003; 
Meyers et al., 2007). The strong negative phase of the IOD during 1964, 1971, 1975, 
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and 1996 was documented to create low precipitation over eastern Africa (Saji & 
Yamagata, 2003). The positive phase of the IOD (which is recognised with anomalous 
strong north-westerly winds) causes droughts over regions of Burma, Thailand, 
Philippines, Malaysia, Indonesia, Singapore, Papua New Guinea and northern Australia 
and rainfall over eastern Africa. IOD can also modulate eastern African droughts during 





Figure 1.9: IOD Schematic anomalies (a) Positive phase (b) Negative phase. Colour red is for 
warm anomalies, colour blue is for cold anomalies, and white clouds indicate active convective 
processes. The arrows show the direction of wind during IOD events (Source: 
http://www.jamstec.go.jp/aplinfo/sintexf/e/iod/about_iod.html.).  
 
1.8.4 Atlantic Ocean Sea Surface Temperature 
The Atlantic Ocean affects the climate of eastern Africa through westerly flow winds 
(McHugh & Rogers, 2001). The strength of the westerly flow depends on fluctuations 
in the location and intensity of the Inter-tropical Convergence Zone (ITCZ). McHugh 
and Rogers (2001) demonstrated that a decrease in precipitation is pronounced over 
eastern Africa during the negative phase of the North Atlantic Oscillation (NAO). This 
phase develops when there are episodes of weak westerly flow (strong easterly flow). 
McHugh and Rogers (2001) also documented that, during the positive phase of NAO, 
precipitation increases over eastern Africa, with local factors modulating the 
precipitation sequence in some areas. These positive phases are shown to be associated 
with strong westerly flow episodes (weak easterly flow). Zeleke et al. (2017) showed 
the increasing drought of 1980 to 2014 over southern Ethiopia is linked to Atlantic 
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Ocean Warming. However, Lyon (2014) found a weak correlation between the Tropical 
Atlantic Ocean and eastern African seasonal drought. 
 
1.8.5 Quasi-Biennial Oscillation 
The Quasi-Biennial Oscillation (QBO) is a quasi-periodic oscillation in stratospheric 
and tropospheric zonal wind between westerly and easterly modes (Indeje & Semazzi, 
2000), and has also been shown to play a significant role in modulating eastern African 
droughts. Jury et al. (1994) linked the weak phase of the QBO to a decrease in 
convection activities over south-eastern Africa, but Indeje and Semazzi (2000) 
associated the strong phase of QBO with a weakening of the Walker cell and the 
occurrence of droughts over eastern Africa. The current study examined the relationship 
between these teleconnections and drought over eastern Africa through application of 
drought indexes.  
 
1.9 Major River Basins studied 
The eastern African region is the main study domain for this thesis. This region is 
defined as the area lying within 28⁰E and 52⁰E longitudes, and 12⁰S and 12⁰N latitudes 
(Fig. 1). East Africa is characterised by four major river basins (the Rufiji, Tana, Juba 
and Upper-Nile basins). These four basins were used in achieving Objective IV of the 
study, while the RRB was used in attaining Objective V. This section will focus on 
descriptions of these four river basins since a detailed description of other physical 
features of eastern Africa (e.g. topography, climate, etc.) have already been given in 
Chapter 1.
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Figure 1.10: The location of selected eastern African river basins used in the study. 
 
1.9.1 The Rufiji River Basin 
The Rufiji River basin (RRB) is located entirely within Tanzania (Fig. 3.1). It lies 
between the latitudes of 5.7°S and 10.5°S and the longitudes of 33.5°E and 39°E. The 
whole catchment covers approximately 177,420 km2, an estimated 20% of Tanzania’s 
landmass (Mwalyosi, 1990). The RRB is made up of four major sub-basins: the Great 
Ruaha, Kilombero, Luwegu, and Rufiji (Mwalyosi, 1990; Temple & Sundborg, 1972), 
and occupies 47%, 23%, 15% and 15% respectively of the total basin area (Mwalyosi, 
1990). The Kilombero sub-basin, which contributes more than 60% of the total RRB 
water, is the main source of water throughout the year (Mwalyosi, 1990). It also 
provides the largest freshwater catchment at low elevation (<300m a.s.l.) in East Africa 
(Burghof et al., 2018). The main Rufiji River collects its water from its tributaries across 
different landscapes, and discharges into the Indian Ocean (at a location called the 
Mafia Channel). The topography of the RRB ranges from relatively flat land 
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downstream to the east, to mountainous areas up to 3,000 m above sea level in the west 
(Fig. 3.2 (a)). Its climate varies from tropical humid along the cost to temperate in the 
south-western highlands (Mwalyosi, 1990). The movement of the Inter-Tropical 
Convergence Zone (ITCZ) also contributes to the climate of the basin. The large part 
of the basin experiences a unimodal rainfall season: the rainy season (NDJFM) and the 
dry period (JJAS). However, the north-eastern parts of the RRB mostly have a bimodal 
pattern (short rainy season: OND; long rainy season: MAM; dry period: JJA). The crop 
production is mostly concentrated during the rainfall season, because of the high 
relative humidity, low diurnal temperatures, and minimum sunshine. The annual 
rainfall over most parts of the catchment varies from 250 to 1,800 mm/year, with higher 
rains over the high-altitude basin areas (Temple & Sundborg, 1972). In most parts of 
the basin, the annual PET, which ranges between 1,400 and 2,400 mm/year, exceeds 
the annual precipitation (Temple & Sundborg, 1972).  
 
The RRB plays a crucial role in socio-economic developments in Tanzania, because it 
is an important source of freshwater. It provides much of the country’s water resources 
for agriculture, fisheries, livestock, mining, forest products, tourism, and minerals 
(Bernacsek, 1981; Mwalyosi, 1990). The presence of many permanent rivers in the 
basin makes it attractive for hydroelectric power generation. Thus, it currently 
accommodates the Kidatu, Kihansi and Mtera hydropower plants and provides more 
than 50% of hydropower energy in the country (Kichonge et al., 2016). It is also a key 
feature in the Greater Selous Ecosystem (the Selous-Kilombero seasonal wildlife 
migrations), which is a World Heritage Site; recently, approximately 7,600 km2 of the 
catchment area has been labelled a Ramsar site (Ramsar Bulletin Board, 2002). 
Additionally, the RRB’s delta contains the biggest mangrove forest in eastern Africa. 
However, in recent times the RRB hydrological system has been severely affected by 
the expansion of agricultural land, deforestation, over-harvesting of forest resources, 
increasing water abstraction and land degradation (Kashaigili, 2008; Mtalo et al., 2005; 
Mwakalila, 2011). All of these make the RRB the best candidate for the present study. 
 
1.9.2 The Tana River Basin  
The Tana River basin (Fig. 3.1) covers an area of approximately 120,000 km2 and has 
the longest river system in Kenya (Kitheka et al., 2005), which flows for ~1100km from 
source to mouth. The Tana River basin is found in the tropical region and is largely 
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dominated by a semi-arid climate. The pattern of annual rainfall follows the monsoon 
and is highly seasonal. The main season (i.e. long rainy season) occurs in April-June 
and the low season (short rainy season) occurs in November–December.  The spatial 
distribution of rainfall varies enormously, from ~1800 mm/yr in the upper catchment 
to ~300 mm/yr in the lower catchment (Leauthaud et al., 2013). Five hydroelectric 
power dams are located within the basin. As it has bigger dams, more intense irrigation 
schemes, higher evaporation rates and channel losses, the lower part of the Tana basin 
also has less water flow during the dry season (Maingi & Marsh, 2002). Apart from the 
direct economic importance of this basin to the community, the Tana basin also has a 
high conservation value. It is characterised by the presence of numerous endemic 
species of plants (Luke et al., 2005), primates (Hamerlynck et al., 2012), and endemic 
fish species (Nyingi et al., 2011; Seegers et al., 2003). The Tana basin is also a suitable 
habitat for migratory water birds (Bennun & Njoroge, 1999). The drought in this river 
basin is mostly associated with intense irrigation schemes, high evapotranspiration rates 
and high channel losses (Maingi & Marsh, 2002). 
  
1.9.3 The Juba River Basin  
The Juba River basin is a transboundary basin shared by Somalia, Ethiopia and Kenya 
(Fig. 3.1). The riverine populations of Ethiopia, and to a much smaller degree Somalia, 
depend on this river for the supply of water resources and irrigation for agricultural 
purposes, as well as for recharging regional groundwater. The approximate area of the 
basin is 218,114 km2 (Basnyat, 2007), with more than 75% of the basin area located in 
Ethiopia, 20% in Somalia, and only 5% in Kenya (Kameer, 1989). The Juba River 
originates from the Bale mountain ranges in Ethiopia at an altitude of about 
4,230 meters, and it enters the Indian Ocean in southern Somalia. The climatic 
conditions of the Juba basin are mainly arid and semi-arid, influenced by the north-
easterly and south-easterly wind flows of the ITCZ (Artan et al., 2007). Rainfall 
intensity varies considerably over the basin. In the Bale mountain ranges, the annual 
mean rainfall reaches 1,600 mm/year, decreasing dramatically to around 300–
600 mm/year downstream. There are two distinct annual rainfall seasons in the basin: 
the long rains (locally known as ‘Gu’ season) from April to June and the short rains 
(locally known as ‘Deyr’ season) from October to November (Artan et al., 2007). PET 
is also variable, ranging from ~1500 mm/year in the high-altitude areas to ~2000 
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mm/year in the lowlands (Houghton-Carr et al., 2011). Drought is a recurrent event 
over most parts of the basin (Mutua & Balint, 2011).  
 
1.9.4 The Nile River Basin  
The Nile River basin is the largest in Africa, covering an area of ~2.7 million km2 (more 
than 10% of Africa's landmass). This river basin is home to almost 20% of Africa’s 
population, with 11 countries, viz. Egypt, Eritrea, Sudan, South Sudan, Ethiopia, 
Uganda, Democratic Republic of Congo, Rwanda, Burundi, Tanzania and Kenya, 
relying on the basin as the main source of freshwater. The basin has two major river 
tributaries, i.e. the Blue Nile from Lake Tana, and the White Nile from Lake Victoria. 
In the current study, we are working on the sub-basins that contribute to the flow of the 
White Nile River, extending from 0° to 8°N (referred to as the Upper-Nile (Fig. 3.1). 
This part of the Nile basin is made up of the Victoria, Bahr El Jebel, and Bahr El-Ghazal 
sub-basins (Di Baldassarre et al., 2011). These basins contribute about 20 to 25% of the 
total flow of the Nile River, while ~60-70% comes from the Blue Nile River (Di 
Baldassarre et al., 2011). The Nile basin has experienced high population growth rates 
in the past, and it is projected that the population will double by 2025 (El-Fadel et al. 
2003). Such continuing population growth will increase demand for natural resources 
among the riparian countries of the Nile River. In addition, the potential effects of 
climate change on the Nile River basin have been given much more attention in recent 
years (e.g. Conway et al., 2007; Yates & Strzepek, 1998a, b), showing that the water 
resources of the basin are critically sensitive to climate change. Georgakakos (2007) 
also show a decreasing trend of resource production in the Nile basin, which is mostly 
associated with mismanagement.  
 
1.10 The aim and objectives 
The aim of this study is to understand the characteristics of meteorological and 
hydrological droughts in present and future climates over the eastern African 
region. This aim is accomplished by meeting the following set of objectives: 
i. To study the temporal and spatial characteristics of eastern Africa 
droughts modes  
ii. To investigate how some atmospheric teleconnections influence the 
characteristics of the Africa droughts modes 
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iii. To examine the influence of 1.5°C and 2.0°C global warming levels on 
drought modes in eastern Africa under two future climate scenarios (RCP 
4.5 and RCP8.5). 
iv. To assess how increases in global warming levels can influence drought 
characteristics over eastern African river basins at four specific global 
warming levels (1.5°C, 2.0°C, .5°C and 3.0°C) under one future climate 
scenario (RCP 8.5). 
v. To examine the potential impacts of climate change and land use change 
on water availability in the Rufiji River basin (RRB), Tanzania, with an 
emphasis of hydrological droughts in this basin. 
 
Hence, the main scientific question addressed in the thesis are: 
i. What are the characteristics of regionally extensive drought (i.e. drought 
modes) over eastern Africa and how are they influenced by atmospheric 
teleconnections? 
ii. What are the potential impacts of the ongoing global warming on drought 
modes in eastern Africa? 
iii. How can increases in global warming level affect drought characteristics 
over the major river basins in the eastern Africa? 
iv. What are the potential impacts of climate change and land use change on 
water availability in the Rufiji River basin (RRB) in Tanzania? 
 
1.11 Thesis outline 
The present thesis is organised into 8 chapters, as follows: 
 
Chapter 1 introduced the concept of drought, its classification, attribution, and 
quantification. It also introduced the impacts of droughts over eastern Africa. The 
chapter also described the climate of the region, major teleconnections that influence 
drought in eastern Africa, major river basins studied and the motivation for this study.  
 
Chapter 2 provides an overview of the main studies that have documented droughts in 
Africa and eastern Africa, both in the past and in the future. It also reviews the impact 
of land use and climate change on hydrological drought in river basins. Various climate 
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and hydrological modelling techniques at global and regional scales are also discussed 
in this chapter. 
 
Chapter 3 describes the datasets as well as the methodology used in order to achieve 
the different objectives of the study, as set out in Section 1.9 above. About eight 
different climate datasets are described, and it is explained which objective each of the 
datasets is used for. In addition, hydrological and GIS datasets are explained. About the 
methodology, the drought indices of SPEI and SPI are discussed in detail. Principal 
Component Analysis, Wavelet Analysis and Self-Organising Maps tools are also 
focused on. Finally, the hydrological model known as the Soil and Water Assessment 
Tool (SWAT) is introduced, and details are given on how it is applied in the current 
study.  
 
Chapter 4 presents and discusses the results of the analysis on the characteristics 
and drivers of four dominant drought modes in eastern Africa. It describes the 
spatial and temporal characteristics of these drought modes and investigates the 
link between the drought modes and four atmospheric teleconnections. This 
section combines objective (i) and (ii). 
 
Chapter 5 discusses the impact of global warming at 1.5°C and 2.0°C levels on the 
characteristics of the four major drought modes discussed in the previous chapter. It 
starts by examining the capability of the Coordinated Regional Climate Downscaling 
Experiment (CORDEX) models in simulating the drought models, and then considers 
the impacts of global warming levels on the major drought modes under two future 
climate forcing scenarios, namely Representative Concentration Pathway 4.5 (RCP 4.5) 
and RCP8.5. 
 
Chapter 6 presents the projected future changes in meteorological drought over four 
river basins (i.e. Rufiji, Tana, Juba and Upper-Nile) in eastern Africa, as simulated by 
the CORDEX models. Before presenting these projections, the chapter discusses the 
capability of the climate simulations in representing the climatology over eastern Africa 
in general and over the basins more specifically. 
 
CHAPTER 1 
Page | 25 
 
Chapter 7 discusses the potential impacts of climate change and land use change on 
water availability in the RRB, Tanzania, with an emphasis of hydrological droughts 
over the basin. This chapter thus contributes information for water resource planning 
and management in this particular river basin.  
 
Chapter 8 summarises the findings of the study. It also presents the conclusions and 









This chapter provides an overview of the main studies that have documented droughts 
in eastern Africa both in the past and in the future. It also reviews the impact of land 
use and climate change on hydrological drought over river basins in that region. Various 
climate and hydrological modelling techniques at global and regional scales are also 
reviewed. 
 
2.1 Regionally extensive droughts in eastern Africa 
Historical studies have shown that eastern Africa has experienced several regionally 
extensive droughts in the past (i.e. Bessems et al., 2008; Verschuren et al., 2000). For 
example, Verschuren et al. (2000) investigated droughts over the period AD 900 to 
2000 based on sediment analysis of Lake Naivasha, in eastern Africa, finding that the 
period AD 1000 to 1270 was the driest period over the last 1100 years (Verschuren et 
al., 2000). Bessems et al. (2008) also documented extreme droughts in eastern Africa 
about 150 years ago, based on the sediment analysis of three lakes, namely, Chibwera, 
Kanyamukali and Baringo. Moreover, according to the cultural history of eastern 
Africa, it appeared that droughts observed in the above studies covered a wide area with 
devastating effects (Verschuren et al., 2000). However, no study has investigated the 
characteristics of these regionally extensive droughts. Most drought characteristics 
studies have focused on understanding the characteristics and mechanisms of specific 
drought cases in small areas of the region (i.e. Dutra et al., 2013; Hastenrath et al., 2007; 
Kijazi & Reason, 2009; Zeleke et al. 2017). Meanwhile, understanding the 
characteristics and drivers of regionally extensive drought is important for several 
reasons. For instance, when a regionally extensive drought occurs, it is difficult to even 
know where to transport food and other important resources from, since the effect of 
the drought will cover the whole region. The difference between local and regional 
scale droughts can also be found in their patterns and characteristics. Regionally 
extensive droughts could better show the influence of large-scale factors, e.g. ENSO 
effects, than could local-scale drought. Therefore, the present study sets out to improve 
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knowledge of the characteristics and drivers of regional scale droughts in eastern Africa 
(see Chapter 4). 
 
2.2 Future projection of drought over eastern Africa 
Several studies have reported an increase in the intensity and frequency of droughts in 
eastern Africa over the past decades, particularly in Somalia, Ethiopia and Kenya 
(Damberg & Aghakouchak, 2014; Elagib & Elhag, 2011; Shongwe et al., 2011; Viste 
et al., 2013). Some of these studies have projected that this increase may continue into 
the future, due to ongoing global warming (Anyah & Qiu, 2012; Cook & Vizy, 2013; 
Dai, 2011; IPCC, 2014; Shongwe et al., 2011). For example, by using regional climate 
models, Patricola and Cook (2011) simulated large precipitation reductions at the end 
of the 21st century over parts of eastern Africa, especially during August and September. 
Similarly, a recent study by Cook and Vizy (2012) projected that the future increase in 
temperature over eastern Africa would be accompanied by an increase in potential 
evapotranspiration and a decrease in precipitation, hence leading to more frequent and 
more severe droughts. Wang et al. (2009) showed that climate change has caused a 30% 
decrease in runoff in the Bai River basin, while Githui et al. (2009) documented that 
climate change accounted for more than a 35% decrease in runoff over the Nzoia River 
basin in Kenya. Adhikari et al. (2017) projected a decreased water supply for agriculture 
in Tanzania especially in dry seasons, under the business-as-usual climate scenario (i.e. 
RCP 8.5). However, most of these studies have only used rainfall to characterise 
drought. Instead, drought is influenced by both rainfall and evapotranspiration, and 
various studies (e.g. Cook & Vizy, 2012; Nguvava et al., 2019) have shown that 
ongoing global warming may increase evapotranspiration in the future. Hence, using 
only rainfall to characterise drought may lead to underestimating the intensity of 
droughts in the future. The present study will thus use a drought index that incorporates 
both rainfall and potential evapotranspiration (PET) to quantify the future impact of 
climate change on droughts in eastern Africa. 
 
As part of efforts to minimise the impacts of global warming, the 21st Conference of 
the Parties to the United Nations Framework Convention on Climate Change 
(UNFCCC) resolved to limit the increase in global mean average temperature to well 
below 2°C above pre-industrial levels, and in fact to pursue efforts to limit the 
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temperature increase to 1.5°C, because some studies have shown that an increase of 
2°C above pre-industrial levels is not safe (UNFCCC, 2015). Understanding the 
differences in the regional impacts of the various GWLs is thus essential and has been 
the topic of investigation by several studies. For example, King et al. (2017) reported 
that limiting warming to 1.5°C rather than 2°C would reduce the frequency of extreme 
heat events and heat in the Coral Sea region off the Australian coast by 26% and 22% 
respectively. Su et al. (2017) documented a lower evapotranspiration rate for 1.5°C 
relative to a warming of 2°C over the Tarim River basin, China. They furthermore 
projected that regional warming of 1.5°C would occur later than the global average, 
whereas regional warming of 2°C would occur earlier than the global average. Ying et 
al. (2017) found that, relative to the pre-industrial era, the mean temperature over Asia 
would increase by 2.3°C and 3.0°C, at global warming targets of 1.5°C and 2°C 
respectively. However, only few studies have reported the impacts of the various GWLs 
on the East African climate (e.g. Osima et al., 2018). Most future projection studies 
have focused on specific time periods using certain emission scenarios (Adhikari et al., 
2015; Niang et al., 2014; Otieno & Anyah, 2013b; Souverijns et al., 2016). Therefore, 
the current study analysed drought projections using both specific time periods as well 
as the various GWLs at certain emission scenarios. 
 
There has been much controversy on the capability of some models to represent the 
climatic variables over eastern Africa faithfully. For instance, Otieno and Anyah 
(2013b) used the Phase 5 of the Coupled Model Intercomparison Project (CMIP5) to 
project climate variability over eastern Africa under the effect of greenhouse gas 
increases (representative concentration pathway 4.5 and 8.5). Their results projected an 
increase in precipitation over the region. Meehl et al. (2007) also suggested that 
increasing atmospheric greenhouse gas concentrations would lead to increases in 
eastern African precipitation during the boreal winter. Their output was generated 
through coupled general circulation models (CGCMs) from the World Climate 
Research Programme’s Phase 3 of the Coupled Model Intercomparison Project 
(CMIP3) multimodel dataset (IPCC) (Solomon et al., 2007). Conversely, Shongwe et 
al. (2011) analysed a multimodel ensemble of CMIP3 CGCMs and reported that these 
models project overall increasing trends in precipitation rates and intense rainfall events 
in the 21st century, with a decreased propensity for drought, and that therefore the 
CGCMs do not generally produce an accurate representation of the eastern African 
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climate. Endris et al. (2015) examined the ability of the Coordinated Regional Climate 
Downscaling Experiment (CORDEX) (Samuelsson et al., 2011) models, with lateral 
and surface boundary conditions derived from the same Coupled Global Climate 
Models (CGCMs), to simulate the teleconnections between tropical SSTs and rainfall 
over eastern Africa. They found that Regional Climate Models (RCMs) driven by 
CGCMs poorly represent teleconnections over time and space. Otieno and Anyah 
(2013a) examined the ability of CMIP5 models to simulate the precipitation and 
temperature conditions over the region. In comparison to the gridded satellite-derived 
observations, some models produced the mean seasonal cycle correctly, while others 
did not. Determining the future patterns of eastern Africa drought conditions requires a 
careful examination of the ability of models to simulate realistic natural variability and 
forced changes (Mwangi et al., 2014). Therefore, the present study will evaluate and 
quantify the capability of regional climate models in simulating the characteristics of 
eastern African droughts. 
 
2.3 Impact of climate change on hydrological drought over eastern 
African basins 
Several studies have identified climate change as a driver of hydrological droughts over 
various regions in the world (e.g. IPCC, 2007; Schulze, 2000; Wang et al. 2011). They 
show that climate change can alter the spatial and temporal distribution of precipitation 
and increase the trend of the frequency and severity of extreme climate events (e.g. 
meteorological droughts and heat waves), thereby altering regional hydrological cycles 
and inducing hydrological droughts (Dai, 2013; Sheffield et al., 2012; Trenberth et al., 
2014). For instance, Nguvava et al. (2019) projected that global warming would 
intensify drought in East African basins mostly due to associated increases in PET. 
Kingston and Taylor (2010) found a decrease in annual flow and groundwater discharge 
in the Upper-Nile River at a 4°C increase in global mean air temperature. Wang et al. 
(2009) showed that the climate change has caused a 30% decrease in runoff in the Bai 
River basin, while Githui et al. (2009) documented that climate change accounted for a 
more than 35% decrease in runoff over the Nzoia River basin in Kenya. Adhikari et al. 
(2017) projected a decreased water supply for agriculture in Tanzania, especially in dry 
seasons, under the business-as-usual climate scenario (i.e. RCP 8.5). However, none of 
these studies has investigated the projected impact of climate change on hydrological 
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drought over the RRB. The only study that has investigated the impacts of climate 
change on drought over this basin has limited it to meteorological drought, without 
considering the impact on hydrological drought, which is more relevant to the socio-
economic activities of the community living in that basin. Given the different responses 
of river basins to climate change effects (URT, 2003), the impact of climate change on 
the hydrological cycle and on hydrological droughts cannot not be generalised to other 
river basins. The present study is thus envisaged to improve knowledge on the impacts 
of climate change specifically on the RRB. 
 
2.4 Impact of land cover change on hydrological drought over 
eastern African basins 
Land cover changes have also been identified as a driver of droughts. Land cover 
changes (such as afforestation, deforestation, overgrazing and urban construction) can 
in fact induce hydrological droughts by changing surface flow, groundwater recharge, 
infiltration, and evaporation systems, and consequently change the amount of water 
available in space and time (e.g. Brown et al., 2005; Sajikumar & Remya, 2015; Yang 
et al., 2012). For instance, Croke et al. (2004) and Strauch et al. (2013) show that, in 
the tropics, deforestation decreased the retention of water in the soil, increased the 
surface runoff, decreased the recharge of the aquifers, and eliminated low flows. Yang 
et al. (2012) found that land cover changes (from human activities in China) decreased 
the stream flow in the Laohahe Basin by 90%. Wang et al. (2009) also attributed ~70 
% of the decrease in runoff in the Chaobai River basin to human activities. Baker and 
Miller (2013) found that a reduction in the forested area decreased the groundwater 
recharge by 7%, while it enhanced the peak runoff by 9%. They also reported a decrease 
in evapotranspiration due to reduction in forest cover. Tadele and Fo ̈rch (2007) 
reported an increase in the mean monthly discharge for wet months by 12.5%, while in 
the dry season, a decrease of up to 30.5% was found in the Hare river watershed 
(Ethiopia), following a conversion of forest cover to farmlands and settlements. Githui 
et al. (2009) revealed that land cover changes account for a difference of about 55–68% 
in runoff. Näschen et al. (2018) shows that increasing agricultural land, between 1970 
and 2014, over the Kilombero floodplain has caused tremendous shifts in the water 
balance components, i.e. decreasing evapotranspiration and groundwater. Mango et al. 
(2011) attributed the reduced dry season flows and the increased peak flow (which led 
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to greater water scarcity at critical times of the year in the Mara basin) to the clearing 
of natural forest for agricultural expansion. Natkhin et al. (2015) reported that changing 
land use and land cover (LULC) affects surface run-off and increases floods in the 
Ngerengere catchment area. Nevertheless, most of the studies on future projections in 
respect of hydro-climate variables over the RRB have only focused on the impact of 
climate change, neglecting the potential impacts of ongoing land cover changes in the 
basin. Consequently, the present study will also analyse the contribution of land cover 
changes to future drought projections in the RRB. 
 
2.5 Climate modelling 
Several studies have established that climate models, which are developed from 
physical laws, are the most viable tools to represent and study the climate systems 
(IPCC, 2007). These models can simulate both historical and/or future climatic 
variables, e.g. temperature, precipitation, wind, etc. The most used dynamic models for 
climate studies in literature are Global Climate Models (GCM) and Regional Climate 
Models (RCM) (IPCC, 2007; IPCC, 2014). GCMs have been found to be useful in 
advancing the understanding of the dynamic mechanisms governing climatic variability 
(Cook & Vizy, 2012; Endris et al., 2015; Mishra & Singh, 2009; Schubert et al., 2009; 
Shongwe et al., 2011). Studies have shown that the GCMs can reproduce observed or 
expected patterns of drought with high fidelity (Endris et al., 2015; Mishra & Singh, 
2009; Ujeneza & Abiodun 2014). They also show that results from GCMs can be 
independently compared and verified against observational data sets and empirical 
studies. However, some studies (e.g. Rummukainen, 2010; Wang et al., 2004) have 
argued that the coarse resolution of GCMs (grid-cells with dimensions 200-300 km or 
greater) limit GCMs from capturing the effects of local forcing, like terrain and 
vegetation effects, and land-sea contrasts that modulate the climate signal at finer 
scales. In addition, some studies (e.g. Endris et al., 2015) found that extreme events, 
such as heavy precipitation, are often not captured or their intensity is unrealistically 
low at coarse resolutions. The formulation of adaptation policies in response to climate 
change impacts for regional and national assessments requires information at finer 
spatial scales than the one provided by these GCMs. Nevertheless, to overcome the 
drawbacks of GCMs in regional climate studies, several studies have downscaled GCM 
simulations to higher resolution (e.g. Anyah & Semazzi, 2007; Endris et al., 2013; 
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Nguvava et al., 2019). The present study thus also downscaled all the GCM simulations 
used over eastern Africa. 
 
Two techniques have been reported with about the downscaling of GCM simulations 
for regional scale studies, namely, statistical and dynamical techniques. Statistical 
downscaling is based on the relationship between the large-scale climatic state, and 
regional and/or local physiographic features, such as land-sea distribution and 
topography (Von Storch, 1995). The large-scale feature is generally derived from a 
GCM, while the small-scale feature comes from a specific grid point or meteorological 
station. The first approach is to create a statistical model that describes the relationship 
of large-scale climate variables, “predictors”, to regional/local variables, “predictands”. 
Then, output from the large-scale model is fed into the established statistical model, 
and the estimation of regional/local climatic variables can be made. Statistical 
downscaling techniques are popular due to their relative simplicity and low 
computational cost compared to dynamical downscaling. The major weakness of this 
method, however, is that the statistical relationships developed for the historical climate 
will not change for the projected future climate. Wilby and Wigley (1997) present a 
detailed comparison between some statistical downscaling methods. However, the 
current data were not generated using this tool. 
 
The dynamic downscaling technique requires a nesting of a high-resolution RCM 
within a coarse resolution GCM simulation (Giorgi & Mearns, 1999). The RCM 
simulates the climate over a region by receiving boundary data from GCM forcings 
(Wang et al., 2004). The high horizontal resolution of RCMs (typically less than 50 km) 
is appropriate for incorporating small-scale features, such as topography and land use, 
that have a potential influence on climatological variables, such as precipitation and 
wind. Because of the complexity of topography over eastern Africa, Herrmann and 
Mohr (2011) argued that higher resolution simulations are the best approach to any 
future projection over the region. Hence, climate model data used in the present study 
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2.6 The Coordinated Regional Climate Downscaling Experiment 
(CORDEX)  
In the current decades, enormous efforts have been made to provide regional and 
accurate climate information through the dynamical downscaling approach. Among 
many projects, the CORDEX (Giorgi et al., 2009) was developed. CORDEX is a World 
Climate Research Programme (WCRP) aimed at downscaling climate projections and 
producing a detailed analysis of regional climate change information that is made 
accessible to stakeholders from different parts of the world, including Africa. The 
project also aimed at improving the impact and adaptation studies (Giorgi et al., 2009). 
Africa has been the focus of a multi-model downscaling project for the first time 
through CORDEX. CORDEX-Africa incorporates experts from the East African, 
Southern African, and West African regions, with the objective of evaluating the 
performance of multi-model ensembles of regional climate projections (CORDEX, 
2015). There are several studies in eastern Africa that have used the CORDEX 
ensemble to investigate the ability of the models to capture the spatial and temporal 
variability of climate as well as to project future climatic conditions over the region. 
For instance, Endris et al. (2013) show that most CORDEX RCMs create a realistic 
simulation of eastern African rainfall characteristics. Thiery et al. (2014) showed that 
the models performed well when comparing the results with in situ and satellite 
observations in reproducing the eastern African Great Lakes climate. Nguvava et al. 
(2019) found a good agreement between the simulations of the CORDEX models and 
the Climate Research Unit’s (CRU) observations regarding the frequency of SPI and 
SPEI drought in eastern Africa. As for climate projection, Osima et al. (2018) showed 
an increase of mean surface temperature by ~1°C and 1.5°C for GWL1.5 and 2.0 
respectively over most parts of eastern Africa, using a 25 RCM ensemble from 
CORDEX. Nguvava et al. (2019) analysed a 19 RCM ensemble from CORDEX and 
projected an increase in the SPEI drought intensity and frequency over the northern and 
south-western parts of eastern Africa. In the same study, they also showed that, with 
SPI drought, the wetter condition is especially projected around the coastal parts of the 
region. Therefore, the existence of the CORDEX project will continue to enable 
regional climate analysis in Africa and other parts of the word to improve where it 
surfaces. In the present study, the CORDEX dataset was further analysed over the entire 
eastern Africa and over major river basins. 
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2.7 Hydrological modelling 
Past studies have used many approaches to quantify the effects of climate change and 
human activities on hydrological regime (e.g. Brown et al., 2005; Legesse et al., 2003; 
Yang et al., 2012). These approaches can be classified into paired catchment approach 
(comparative tests methods), statistical approach (time series analysis) and hydrological 
modelling approach (e.g. Krause, 2002; Li et al., 2009; Natkhin et al., 2015). The paired 
catchment approach involves the use of two neighbouring catchments (one as a control 
and another as a treatment). These two catchments must have climate inputs, geology, 
soil conditions, and other variables, such as slope and vegetation that are homogeneous. 
The paired catchments approach is often considered as the best method in small 
experimental watersheds (i.e. ≤ 100 km2). However, it is difficult to apply this to paired 
catchments that are larger in size, because it is not practical to find two similar medium- 
or large-sized watersheds. Lørup et al. (1998) argued that even the smaller watersheds 
may change greatly at different stages. Several literatures have documented the success 
of applying this method, especially in the analysis of the impact of land use change on 
annual flow, flood peaks, low flows and base flow (e.g., Andréassian, 2004; Bosch and 
Hewlett 1982;  Ssegane et al., 2013). Statistical analysis is simply based on the analysis 
of hydro-climatic trends identified by monitoring stations in the study area. And for that 
reason, this method lacks the physical mechanism of the watershed (Li et al., 2009). 
Physically based and spatially distributed hydrological modelling is the most widely 
accepted method, as it is based on the relationship between land use, climate, soil and 
hydrological processes. Distributed hydrological models relate model parameters 
directly to physically observable land surface characteristics (Legesse et al., 2003), 
which means they can easily assess past and possible future impacts (using different 
land use scenarios and different warming levels); moreover, it is possible to simulate 
large areas (Jung & Kim, 2017). Such models have increasingly become a crucial tool 
in investigating the hydrological impacts caused by climate change and Land Use and 
Land Cover (LULC) modifications (Ren et al., 2012; Suliman et al., 2015; Yang et al., 
2012). One of the comprehensive hydrological models of this type is the Soil and Water 
Assessment Tool (SWAT) model (Arnold et al., 1998), which is used in the present 
research to analyse Objective (iv), as set out in Section 1.9 (see Chapter 7).  
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The SWAT model is designed to simulate hydrology and water quality in basins of 
almost any size and complexity for a long-term and continuous process. The model is 
freely available, it has a user-friendly interface and is efficient in data handling, which 
are the main reasons for its popularity in the hydrology field (Hurkmans et al., 2009). 
It has been widely used to simulate and predict the impact of land use changes on 
catchment hydrology globally (e.g. Cao et al., 2009 (New Zealand); Franczyk & Chang, 
2009 (USA); Guo et al., 2008 (China); Palamuleni et al., 2011 (Malawi); Saadati et al., 
2006 (Iran); Setegn et al., 2010 (Ethiopia)). In Tanzania, few studies have applied the 
SWAT model to hydrology analysis (e.g. Adhikari et al., 2017; Dessu & Malesse, 2012; 
Mulungu & Munishi, 2007; Natkhin et al., 2013; Ndomba et al., 2008). However, none 
of them addressed the hydrological impact caused by climate change and LULC 



























This chapter describes the datasets analysed for the study and the methods used in 
analysing various datasets to achieve the objectives of the thesis. In some cases, 
different methods were applied to the same datasets, or the same methods were applied 
to different datasets, to achieve more than one objective. In other cases, a method and 
the datasets are unique to an objective.  
 
3.2 Data 
Different datasets were analysed for this thesis, consisting of climate, hydrology and 
geographical information system (GIS) data. The climate and hydrology datasets are 
observation (station and gridded), reanalysis (gridded) and simulation (gridded) 
datasets. Detailed information about the datasets is given below. This information 
includes the dataset source, its resolution (if applicable), the variable(s) used, the period 
analysed in the thesis, and the thesis objectives for which the dataset was analysed. All 
the datasets were re-gridded to 0.5° × 0.5° grid resolution.  
 
3.2.1 Climate datasets 
3.2.1.1  Station meteorological datasets 
Climate datasets from the Tanzanian Meteorological Agency (TMA) and Rufiji Basin 
Water Board (RBWB) stations were analysed. The datasets consist of monthly 
precipitation data from 15 stations for a period of 10 years (1981-1990). The 
information about the stations is given in Table 3.1 and Fig. 3.2 (c). In order to achieve 
Objective (v), these datasets were used to assess the capability of a reanalysis dataset 
in reproducing the rainfall, temperature and wind characteristics over the RRB. The 
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Table 3.1: Name and location of the RRB climate stations considered in this study.  
Station Name Longitude Latitude Elevation 
IFUPIRA 35.430     -8.500 1765 
IGAWA 34.380 -8.770 1113 
IRINGA MTERA 36.000 -7.100 731 
IRINGA OUTOMET 35.699 -7.780 1629 
IRINGA MET STATION 35.770 -7.630 1369 
IZAZI 35.730 -7.170 702 
KIMANI 34.160 -8.830 1091 
LIVALONGE 35.200 -8.700 1861 
LUMEMO 36.620 -8.630 627 
MADIBIRA 34.810 -8.230 1170 
MAFINGA BOMANI 35.330 -8.250 1883 
MATAMBA 34.016 -8.930 2035 
MBEYA MET STATION 33.470 -8.930 1715 
MOROGORO MET STATION 37.900 -6.800 503 
MSEMBE FERRY 34.900 -7.750 899 
MTANDIKA 36.430 -7.420 647 
 
 
3.2.1.2  The CRU Datasets 
The Climate Research Unit (CRU v.3.22) dataset was obtained from the University of 
East Anglia, United Kingdom (Harris et al., 2014; http://badc.nerc.ac.uk/data/cru/). The 
CRU datasets are gridded (0.5° × 0.5° global grid resolution) and consist of monthly 
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climate variable data compiled from meteorological station data over the period 1901-
2014 (Harris et al., 2014). The choice of this data is based on its long time series (~110 
years) and among the gridded datasets. CRU reproduces well the climate of the region 
(Endris et al. 2013). Moreover, CRU has all the climate variables needed for the study. 
Most other observation dataset either have rainfall or temperature alone, but CRU has 
the variables, in addition to other eight climate variables. In addressing Objectives (iii) 
and (iv), precipitation and temperature (i.e. maximum, minimum, and mean) data for 
the period 1940-2014 were analysed. The results of this analysis are reported in 
Chapters 5 and 6.  
 
3.2.1.3  The SPEI Datasets 
The SPEI data (at 3- and 12-month scales) were obtained from the SPEI database 
(http://hdl.handle.net/10261/128892; Beguería et al., 2014). According to Beguería et 
al. (2014), the SPEI data were calculated using observed monthly mean precipitation 
and potential evapotranspiration (PET) data from CRU (version 3.22; Harris et al., 
2014). The CRU PET data were calculated using the Penman–Monteith approach 
(Allen, 1986; Beguería et al., 2014; Burke et al., 2006), utilising air temperature, solar 
radiation, relative humidity, and wind data. It should be noted that, while SPEI drought 
at the 3-month scale is regarded as meteorological drought, in the 12-month scale it is 
denoted as agricultural drought. The SPEI data cover a period of 75 years (1940–2014). 
The SPEI data were analysed towards the fulfilment of Objectives (i) and (ii) of this 
thesis, and the results of this analysis are discussed in Chapter 4. 
 
3.2.1.4  The ERSST dataset 
The Sea Surface Temperature (SST) dataset was obtained from the National Climate 
Data Centre’s Extended Reconstructed Sea Surface Temperature version 4 (ERSST.v4) 
(Huang et al., 2015; Liu et al., 2014). The SST data were used to generate the climate 
indices data, including ENSO (Niño 3.4 regions), IOD, and Tropical Atlantic Dipole 
Index (TADI). The definitions used in generating these indices are specified in Table 
3.2. SST data was also used to analyse the relationship between the eastern African 
drought and the global ocean. ERSST data has long time data which covers the period 
of our analysis (1940 to 2014). The results of the analysis performed with the dataset 
contribute towards Objectives (i) and (ii) and are reported in Chapter 4. 
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Table 3.2: Climate indices and calculation methods  
Climate indices Method Reference 
Indian Ocean Dipole 
(IOD) 
The difference between 
SST anomalies in the 
western (50°E - 70°E, 
10°S - 10°N) and south 
eastern (90°E – 110°E, 
10°S - 0°S) equatorial 
Indian Ocean.  
Saji et al., 1999 
ENSO (Niño 3.4) Average SST anomalies 
in Pacific region of 
170°W-120°W, 5°N-5°S  
Trenberth, 1997 
Tropical Atlantic Dipole 
Index (TADI) 
The difference between 
North (55°–15°W; 5°–
25°N) and South 25°S–
10°N, 55°–95°E Atlantic 
Ocean SST Anomalies  
Endris et al., 2016 
Quasi-biennial 
Oscillation (QBO) 
Data downloaded from 







3.2.1.5  The NOAA dataset 
The data for the Quasi-Biennial Oscillation (QBO) index was obtained from the 
Physical Sciences Division (PSD) of the National Centres for Environmental 
Information (NOAA) (http://www.esrl.noaa.gov/psd/data/Climate indices/list/) 
(Table 3.2). The QBO data from NOAA 20CR cover 1948-2014, which is the 
longest period acquired as compared to other QBO data sources. The dataset 
contributed to achieving Objectives (i) and (ii) of this thesis, the results of which 
are discussed in Chapter 4. 
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3.2.1.6  The 20th Century Reanalysis dataset 
The reanalysis dataset from the 20th Century Reanalysis (20CR) (Compo et al., 2011) 
was also analysed in respect of Objective (ii). This dataset contains various upper-air 
atmospheric variables, but only temperature, wind, and specific humidity data were 
analysed in this study. The 20CR dataset covers a period of 75 years (1940–2014). 
 
3.2.1.7  The Global Meteorological Forcing Dataset  
The Global Meteorological Forcing Dataset (GMFD) (Hirabayashi et al. 2008) is 
another reanalysis data used in the study. The GMFD is a land gridded precipitation 
database that has a long record (1948-2010) and high spatial resolution (1° lat-lon; plus 
0.5° X 0.5° and 0.25° X 0.25), and provides 3-hourly, daily, and monthly time steps. 
The spatial coverage is between 90°S and 90°N, and between 180°E and 180°W. The 
GMFD dataset was compiled by combining the National Centers for Environmental 
Prediction/National Centers for Atmospheric Research (NCEP/NCAR) reanalysis data 
(Kalnay et al., 1996) with observations. The observations come from the Climate 
Research Unit (CRU TS3.0) (Mitchell & Jones, 2005), the Global Precipitation 
Climatology Project (GPCP) (Huffman et al., 2001), the Tropical Rainfall Measuring 
Mission (TRMM) (Huffman et al., 2007), and the NASA Langley Surface Radiation 
Budget (LSRB) (Stackhouse et al., 2004). The GMFD dataset is freely available from 
the Terrestrial Hydrology Research Group at Princeton University 
(http://hydrology.princeton.edu/data.pgf.php). The GMFD data for the period 1951-
2000 were analysed to contribute to Objective (v) of the thesis, and the results are 
discussed in Chapter 7.  
 
3.2.1.8  CORDEX datasets 
Twenty regional climate model (RCM) simulations from the CORDEX were analysed 
in the thesis (Nikulin et al., 2018). As part of CORDEX, the twenty simulations were 
generated by dynamically downscaling twelve global climate model (GCM) 
simulations with eight RCMs at 0.44º grid resolution over Africa. The GCM 
simulations are from 5th phase of the Coupled Model Intercomparison Project (CMIP5) 
(Taylor et al., 2012). The names of the GCMs and RCMs that contributed to the 
simulations used in this thesis are given in Table 3.3. The monthly precipitation and 
temperature (i.e. maximum, minimum, and mean) from the CORDEX datasets were 
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used towards achieving Objectives (iii) and (iv) and the results are presented in 
Chapters 5 and 6. 
 
In Table 3.3 below, the corresponding 30-year periods for various global warming 
levels (1.5 °C, 2 °C, 2.5°C and 3.0o C) are indicated. Where applicable, the 
corresponding periods for the RCP4.5 scenario are given in brackets. More detailed 
information on the GCMs, RCMs and method for calculating the periods is presented 
in Déqué et al. (2017). 
 
Table 3.3: Names of GCMs and downscaling RCMs for simulations under the RCP8.5 
scenario.  
GCMs 
Period of the global warming levels Downscaling RCMs 
1.5°C 2°C 2.5°C 3°C  
CanESM2(a) 1999 – 2028 
(2002–2031)            
2012 – 2041 
(2017 – 2046) 
2024 - 2053 2034 – 2063 RCA4(5) 
CNRM-CM5(b) 2015 – 2044 
(2021–2050) 
2029 – 2058 
(2042 – 2071) 
2041 - 2070 2052 – 2081 RCA4(5), CCLM(2), 
ALADIN(1) 
CSIRO-Mk3(c) 2018 – 2047 
(2020 –2049) 
2030 – 2059 
(2033 – 2062) 
2040 - 2069 2050 - 2079 RCA4(5) 
EC-EARTH-r1(d) 2003 – 2032 
(2006 – 2035) 
2021 – 2050 
(2028 – 2057) 
2035 – 2064 2046 -2075 RACMO(4) 
EC-EARTH-r3(e) 2006 – 2035 
(2009 – 2038)  
2023 – 2052 
(2030 – 2059) 
2036 - 2065 2047 -2076 HIRHAM(3) 
EC-EARTH-r12(f) 2005 – 2034 
(2010 – 2039) 
2021 – 2050 
(2031-2060) 
2034 - 2063 2047 -2076 RCA4(5), CCLM(2) 
GFDL-ESM2M(g) 2020 – 2049 
        ( – ) 
2037 – 2066 
       ( – ) 
2052 - 2081 2066 - 2095 RCA4(5) 
HadGEM2-ES(h) 2010 – 2039 
(2016 – 2045) 
2023 – 2052 
(2032 – 2061) 
2033 - 2062 2042 - 2071 RCA4(5), CCLM(2), RACMO(4) 
IPSL-CM5AMR(i) 2002 – 2031 
(2002 – 2031) 
2016 – 2045 
(2020 – 2049) 
2027 - 2056 2036 - 2065 RCA4(5) 
MIROC5(j) 2019 – 2048 
(2026 – 2055) 
2034 – 2063 
(2059 – 2088) 
2047 - 2076 2058 - 2087 RCA4(5) 
MPI-ESM-LR(k) 2004 – 2033 
(2006 -2035) 
2021 – 2050 
(2029 – 2058) 
2034 - 2063 2046 - 2075 RCA4(5), CCLM(2), REMO(6)  
NorESM1-M(l) 2019 – 2048 
(2027-2056) 
2034 – 2063 
(2062 – 2091) 
2047 - 2076 2059 - 2088 RCA4(5), WRF(7) 
The letters (a - l) and numbers (1 - 7) in brackets of the GCMs and RCMs (respectively) are 
used as tags to represent the simulations (e.g. a5 represents CanESM2_RCA4 simulation). 
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3.2.2 Hydrological datasets 
The river flow dataset from the Rufiji gauging station was analysed in the thesis. The 
location of the station is found at the main basin outlet (Fig. 3.2 (d)). The dataset was 
obtained from the Rufiji Basin Water Board (RBWB). The dataset, which extends from 
1970 to 2005, was used to calibrate and evaluate the hydrological model used in 
achieving Objective (v) of the thesis, and the results are presented in Chapter 7.  
 
3.2.3 GIS datasets 
Three major GIS datasets were required in the hydrological model (SWAT) used by the 
thesis: (a) the spatial input data for land topography, i.e. the Digital Elevation Model 
(DEM), (b) the land use or land cover (LULC) dataset, and (c) the soil characteristic 
dataset.  
 
3.2.3.1  DEM 
The DEM is a digital estimation of surface elevation, often stored in a fixed grid. The 
DEM is an essential input in the SWAT model; it is needed to delineate the watershed 
and subwatershed and to analyse the drainage patterns of the land surface terrain. It 
enables the generation of slope, which then gives the rate of movement and flow 
direction information, which are an essential basis for hydrological studies (Yang et al. 
2014). The DEM used in this study is shown in Fig. 3.2 (a). This DEM is a product of 
the Shuttle Radar Topography Mission (SRTM); the post-processed version 4.1 was 
obtained from the CGIAR Consortium for Spatial Information’s website (CGIAR-CSI; 
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Figure 3.2. The RRB domain, showing (a) the Digital Elevation Model (DEM) and stream networks, (b) Soil types, and (c) Sub-basins, precipitation stations, 
gauging stations and reanalysis data points used in this study
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3.2.3.2  Land use data 
Land cover and management is an essential feature affecting different processes in the 
river basin, such as evapotranspiration, surface runoff, and erosion. The land cover data 
were acquired from the Tanzania Land Cover 2000 and 2010 Schemes generated by the 
Regional Centre for Mapping of Resources for Development in Eastern and Southern 
Africa (RCMRD) (geoportal.rcmrd.org) (Fig. 3.3 (a), (b)). Some of the RCMRD land 
cover classifications do not correspond with the appropriate land cover groupings 
within the SWAT internal database. Therefore, we had to reclassify these to match them 
to SWAT (Table 3.4). The land cover for 2000 was only used to justify the change of 
land use to 2010. We thus used the land cover of 2010 for our entire analysis. The basin 
is predominantly covered by forest (~28%) in the mountainous areas, consisting of 
natural as well as planted forest. Large areas of the RRB are covered by savanna (26%), 
shrubs (18%) and agriculture (13%), especially at low elevations. The major LULC 
changes in the RRB for the period from 2000 to 2010 were the steady expansion of 
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Figure 3.3. RRB land use patterns (past and future scenarios) used in the study. Panels (a) and (b) show the past land use patterns (for 2000 and 2010, 
respectively). Panels (c), (d), (e) and (f) show the land use patterns under future scenarios (namely: “increased agriculture”, forests, cropland dry land and 
shrub). The corresponding pie chart indicates the percentage contributions of the various land use types in each pattern. 
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Table 3.4: Reclassification of existing land uses in the RRB to match the SWAT database 
RRB land use SWAT land use Model code 
DENSE FOREST EVERGREEN FOREST     FRSE 
MODERATE FOREST MIXED FOREST FRST 
SPARSE FOREST DECIDUOUS FOREST FRSD 
PLANTED FOREST DECIDUOUS FOREST FRSD 
MANGROVE FOREST WETLAND FOREST WETF 
WOODLANDS CROPLAND WOODLAND CRWO 
CLOSED GRASSLAND CROPLAND GRASSLAND CRGR 
CLOSED BUSHLAND SHRUB LAND SHRB 
OPEN GRASSLAND CROPLAND DRYLAND PASTURE CRDY 
OPEN BUSHLAND SAVANNA SAVA 
PERENIAL CROPLAND AGRICULTURE LAND AGRL 
ANNUAL CROPLAND AGRICULTURE LAND AGRL 
WETLAND WETLAND WETL 
WATER BODY WATER WATR 
SETTLEMENT URBAN URBN 
BARE SOIL BARE SOIL BARR 
 
3.2.3.3  Soil data 
The reaction of a river basin to a particular weather event depends on the nature and 
conditions of its soils (Shrestha et al., 2008). The processing of the SWAT model 
requires the basin’s physical and chemical properties of the soil, such as texture, 
porosity, available moisture content, bulk density, hydraulic conductivity, and organic 
carbon content for each of the soil types and at each layer (Setegn et al., 2010). The soil 
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data were obtained from the new 1:2 million scale Soil and Terrain (SOTER) database 
developed for Southern Africa by the Food and Agriculture Organization (FAO) of the 
United Nations and the International Soils Reference and Information Center (ISRIC) 
(Batjes, 2004). The spatial distribution of soil classes for RRB is shown in Fig. 3.2 (b). 
The major soil classes in the studied area were 20.5 % Sandy-Clay-Loam, 18.8 % 
Loam, and 11.6 % Sandy-Loam. 
  
3.3 Methods 
In this subsection, the drought indices SPEI and SPI are discussed in detail. Principal 
Component Analysis, Wavelet Analysis and Self-Organising Maps tools are also 
explained.  
 
3.3.1 Drought indices 
This study applies the SPI (McKee et al., 1993) and the SPEI (Beguería et al., 2014; 
Vicente-Serrano et al., 2010a) to characterise drought. The SPI has been used frequently 
for drought monitoring over eastern Africa (Belayneh et al., 2014; Bernard et al., 2013; 
Degefu & Bewket, 2014; Ntale & Gan, 2003; Viste et al., 2013). It is also recommended 
by the World Meteorological Organization (WMO) for monitoring meteorological 
drought (Hayes et al., 2011). As for SPEI, not many studies have used this index over 
the region (e.g. Vicente-Serrano et al., 2012a), although it is well documented in other 
regions (and shown to give a better representation of droughts), such as Portugal (e.g. 
Paulo et al., 2012), South Africa (e.g. Ujeneza & Abiodun, 2015), West Africa (e.g. 
Diasso & Abiodun) and China (e.g. Yu et al., 2014). The difference between the two 
indices is that SPEI is the product of climate water balance (CWB), i.e. Precipitation 
(P) minus potential evapotranspiration (PET), whereas SPI is solely a precipitation 
product. Our estimation of PET is based on the Hargreaves (Hg) equation (Hargreaves 
& Samani, 1985) for objective three, four and five. The Hg equation requires monthly 
temperatures (maximum and minimum), monthly mean precipitation and the latitudinal 
position of the site. Beguería et al. (2014) showed that the use of the Hg method is the 
best option, especially in regions with limited data. Objective one drought indices data 
were obtained from http://hdl.handle.net/10261/128892 (Begueria et al. 2014) and the 
PET computed using Penman-Monteith (PM) method. According to Allen et al. (1998), 
the two methods i.e Hg and PM, produce drought signals which do not differ much. 
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Begueria et al. (2014) also documented strong correlation (r>0.90) on drought 
computed using these methods for station and gridded data.  In the present study, SPEI 
and SPI were used to characterise 3-month and 12-month droughts, which affect both 
agriculture and surface hydrological systems, especially reservoirs and streams.  
 
3.3.2 Principal component analysis 
To identify dominant drought modes over eastern Africa, we applied Principal 
Component Analysis (PCA) (Jolliffe, 2003), also described as empirical orthogonal 
function (EOF) analysis. PCA is a widely used statistical technique for reducing the 
dimensionality of multivariate data and for uncovering hidden structures in the data. It 
is commonly used in climate research for defining the leading spatial and temporal 
patterns of climate variability (Richman, 1986). For the PCA, we calculated the 
covariance matrix from standardised normalised variables, calculated the matrix’s 
eigenvectors and eigenvalues, and ordered the eigenvectors according to the magnitude 
of eigenvalues. The eigenvector with the highest eigenvalue represents the first 
principal factor and the mode with the largest variability in the dataset. PCA has been 
used for the regionalisation of drought at different spatial and temporal scales globally 
(e.g. Bärring, 1988a, b; Indeje et al., 2000; Ogallo, 1989; Santos et al., 2010; Ujeneza 
& Abiodun, 2014). In eastern Africa, several studies used PCA to investigate spatial 
and temporal variation in climate variables (e.g., Bärring, 1988a, b; Indeje et al., 2000; 
Ogallo 1989). Here, we applied PCA with a varimax rotated option, because previous 
studies (e.g. Jolliffe et al., 2003) showed that varimax rotation enhances the physical 
application and understanding of PCA results. The PCA was applied to the SPEI and 
SPI of each dataset (observations and RCM simulations), and the first four principal 
factors of the PCA were retained as the most significant drought modes (DM1, DM2, 
DM3 and DM4) in the dataset. This method however has one major limitation. For 
example, the outcome of PCA analysis is sensitive to the selected domain for the 
analysis (Manatsa and Mukwada 2019) 
 
3.3.3 Wavelet analysis and wavelet coherence 
To study the temporal variability of drought modes, we applied the wavelet analysis to 
the PCA score and, to study the influence of some atmospheric teleconnections on the 
drought modes, we used correlation and wavelet coherence analysis on the PCA scores 
of the climate indices. Wavelet analysis, which unmasks the temporal characteristics of 
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periodic cycles in a time-series, is a common tool in climate analysis (i.e. Lau & Weng 
1995). It has been used to study the annual variation in SST (i.e. Rao et al., 2002), to 
study ENSO variability (Torrence & Compo, 1998), to examine the influence of IOD 
and ENSO on precipitation (Manatsa & Matarira, 2009), and to study characteristics of 
drought modes over western and southern Africa (Diasso and Abiodun 2015; Ujeneza 
& Abiodun, 2014). Here, the correlation and wavelet coherence were used to quantify 
how the drought modes (PCA scores) are linked with some atmospheric teleconnection 
(IOD, ENSO, TADI and QBO, depicted with the climate index), which have been 
reported to influence the climate variability of eastern Africa (Daron, 2014; Goddard & 
Graham, 1999; Lyon, 2014; Saji et al., 1999). This predominant statistical analysis does 
not mean causality 
  
3.3.4 Self-organizing maps 
The additional analysis of our data was conducted by using an artificial neural network 
(ANN) tool. The ANN used in this study was the self-organizing map (SOM) that was 
originally proposed by Kohonen (1990). SOMs are useful for pattern recognition, 
clustering, classification, estimation and prediction (Kohonen, 2013) in multivariate 
data sets. The patterns captured from SOMs present continuity in the data space, which 
is not the case in other clustering techniques, such as the partitioning algorithm of k 
means (Fereday et al., 2008). SOMs have been applied in various research problems 
with notable success (Michaelides et al., 2001; Oja et al., 2003). It has been recently 
used for hydrology analysis (Chang et al., 2007), oceanographic studies (Leloup et al., 
2007; Liu et al., 2006), and for climate and meteorology research (Hewitson & Crane, 
2002; Malmgren & Winter, 1999; Reusch et al., 2007). In our case, the SOM was 
supposed to identify significant features to characterise the projected drought at 
different GWLs over the eastern African study area. 
  
In this study, we thus applied the SOM analysis on two datasets, i.e. drought intensity 
and severe drought frequency, using the 12(4X3) neuron classification. The first dataset 
consists of all the projected changes in SPI and SPEI intensity at each GWL (GWL1.5, 
GWL2.0, GWL2.5, and GWL3.0) and for all simulations. The second dataset looks at 
severe drought frequency in terms of SPI and SPEI (i.e. 12-month drought with 
intensity <-1.5) at each GWL and for all simulations. The SOM package used for this 
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analysis is SOM_PAK 3.2 (Kohonen, 1999), which was freely available from the 
Helsinki University of Technology (http://www.cis.hut.fi/research/som_pak/).  
 
3.3.5 Evaluation of climate model simulations 
The performances of the climate model simulations over the study region were 
evaluated by comparing the simulations with the observations for the period 1971–2000 
(referred to as the reference period). This reference period “1971–2000” was chosen 
because it is the most commonly used control period in climate impact application 
studies and in several previous research on GWL over Africa (e.g. Nikulin et al., 2018; 
Osima et al., 2018; Pinto et al., 2018). Therefore, it is used here to ensure that the results 
of the present study are consistent with other previous studies. In addition, using a 
climatological period starting beyond 1971 might cause the results to overlap with the 
GWL climatological projections. The variables used were minimum temperature 
(TMIN), maximum temperature (TMAX), precipitation (PRE), the standardized 
precipitation evapotranspiration index (SPEI), the standardized precipitation index 
(SPI), Solar radiation (SLR), potential evapotranspiration (PET), evapotranspiration 
(ET), soil water (SW), percolation (PER), surface runoff (SF), water yield (WYLD), 
and flow out (FLOWOUT).  
 
The projected change in drought for 1.5°C, 2°C, 2.5°C and 3.0°C global warming 
(hereafter referred to as GWL1.5, GWL2.0, GWL2.5, and GWL3.0 respectively) were 
analysed using the 30-year period during which the GCM simulation reaches 1.5°C, 
2°C, 2.5°C and 3.0°C warming for Representative Concentration Pathway (RCP8.5). 
For RCP4.5 simulations only 1.5°C and 2°C were analysed because most simulations 
do not show a warming level beyond 2°C. RCP 8.5 has a large number of ensemble 
members and reaches all the global warming levels needed for the study. In addition, it 
gives the most realistic global warming trend in the current decades, in comparison to 
RCP4.5 or RCP2.6 (Nikulin et al., 2018). To understand the impact of climate change, 
we calculated the differences between the simulation reference period (1971-2000) and 
the GWL period. The periods of the GWL do not necessary coincide for the different 
simulations (as shown in Table 3.3). This is because the GWL is defined based on 30-
year climatology, at which the simulations project a higher global mean temperature 
than during the pre-industrial reference period (1861-1890) under a specific global 
warming value, i.e. 1.5°C, 2.0°C, 2.5°C, or 3.0°C (Nikulin et al., 2018). Details of how 
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the 30-year periods of warming levels were calculated can be obtained from Déqué et 
al. (2017) and Vautard et al. (2014). Objective III was analysed using both RCP 4.5 and 
8.5 but only for warming level 1.5 and 2.0. Objective IV was dedicated to the high 
emission scenario RCP 8.5 and with warming levels 1.5°C, 2°C, 2.5°C and 3.0°C. 
However, in order to show the sensitivity of our results (in respect of Objective IV) to 
the various global warming scenarios, some of the results are also compared with those 
from the available RCM4.5 scenario data. 
 
Hydrological drought projection was obtained using 7 global climate projections from 
CMIP5, downscaled by the latest version of the CORDEX Rossby Centre’s Regional 
Climate Model RCA4 at 0.44 resolution (Samuelsson et al., 2011) and RCP 8.5 (Table 
3.3). Each of the climate projections includes all of the SWAT input climate data (i.e. 
precipitation, maximum temperature, minimum temperature, solar radiation, wind, and 
relative humidity) in daily time steps for the period from 1950 through 2005 (“Baseline 
Run”) and from 2006 to 2100 (“Projection Run”). The projected changes in 
hydrological drought for 1.5°C, 2°C, 2.5°C and 3.0°C global warming were analysed 
using the 30-year period that the GCM simulation reaches 1.5°C, 2°C, 2.5°C and 3.0°C 
warming for RCP8.5 (Vautard et al., 2014). Also, the Bias-Correction method, Quantile 
Delta Mapping (QDM) (Cannon et al., 2015) was applied to each of the seven RCA4 
climate datasets, using the GMFD historical data. For precipitation, QDM accounts for 
uncertainties when the dry‐day frequency of the historical observations is less than the 
climate model output (dry‐day frequency). In addition, the QDM method corrects for 
future extreme climate values that do not occur in the historical observations (new 
extremes).  
 
3.3.6 Analysing climate change robustness 
The robustness of the projected climate change was quantified based on two criteria: 1) 
At least 80% of the simulations must agree on the sign of the change, and 2) At least 
80% of the simulations must indicate that their climate change is statistically significant 
(at 99% confidence level, using a t-test). When both conditions are met, then the climate 
change signal is considered to be important. Several studies have applied these two 
conditions to check for the robustness of climate change projections in different parts 
of the world (e.g., Klutse et al., 2018 over West Africa; Nikulin et al., 2018 over Africa; 
Osima et al., 2018 over East Africa; and Máure et al., 2018 over Southern Africa). 
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3.4 Hydrological modelling 
The hydrological model known as the Soil and Water Assessment Tool (SWAT) is 
introduced and details are given on how it is applied in the current study. 
 
3.4.1 SWAT  
The SWAT model was used to analyse hydrological drought in terms of Objective IV 
(Chapter 7). SWAT is a physically based, spatially distributed and watershed scale 
model operating continuously on a daily time step. It is applicable in ungauged river 
basins (Gassman et al., 2007), which is useful when studying watersheds with limited 
data like RRB. The model is also computationally efficient and therefore able to run 
simulations over very large basins, or basins with complex management practices, 
without consuming large amounts of time. SWAT was established by the United States 
Department of Agriculture Research Service (USDA-ARS) to assess the effects of 
climate, soil, changes in land use, and land management practices on the hydrology, 
sediment, and build-up of agriculture pollutants in large water basins (Arnold et al., 
2012; Neitsch et al., 2005). The SWAT model is made up of several components with 
major ones including weather, hydrology, soil temperature and properties, plant growth, 
nutrients, pesticides, bacteria and pathogens, and land management (Arnold et al., 
2012). The energy source that drives all SWAT components is based on the water 
balance equation (Neitsch et al., 2005) (Eq. (1)).  
 
𝑆𝑊𝑡 = 𝑆𝑊0  + ∑ (𝑅𝑑𝑎𝑦 − 𝑄𝑠𝑢𝑟𝑓 − 𝐸𝑎 − 𝑊𝑠𝑒𝑒𝑝 − 𝑄𝑔𝑤)
𝑡
𝑖=1
  (1) 
 
Where 𝑡 is time in days, 𝑆𝑊𝑡 is the final moisture content of the soil, 𝑆𝑊0 is the initial 
moisture content of soil on day 𝑖, and 𝑅𝑑𝑎𝑦, 𝑄𝑠𝑢𝑟𝑓, 𝐸𝑎, 𝑊𝑠𝑒𝑒𝑝, and 𝑄𝑔𝑤 are daily 
amounts (mm) of rainfall, surface runoff, evapotranspiration, water transferred from the 
soil profile into the gas zone, and the return flow respectively. The water balance has 
direct impacts on plant growth and the movement of nutrients and sediments in the soil 
basin. Based on the nature of this study, we are mostly concentrating on the climate, 
hydrology, and vegetation components of the SWAT model. The current research 
applies the latest version of the model called SWAT+ (Bieger et al., 2017), which is 
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more flexible than the previous versions when it comes to watershed discretisation and 
configuration.  
  
3.4.2 SWAT model setup, calibration and validation 
The RRB was divided into 35 sub-basins and 386 landscape units (LSUs). The sub-
basins were delineated with a ≥300 sq.km channel threshold and those with less than 
18% mean area coverage were merged. Following slope classification criteria by 
EMBRAPA (1979), five slope classes were introduced. Slopes of 0-3% present flat 
surface, 3-8% soft wavy, 8-20% wavy, 20-45% strong wavy and >45% mountains. The 
land surfaces that occupy <2% of the watershed were exempted during the hydrological 
response unit (HRU) generating process so as to ascertain their effect regardless of their 
reduced coverage. This includes evergreen forest (0.44%), cropland woodland (0.10%), 
cropland grassland (0.07%), wetland (1.10%), water (0.61%), and urban (0.06%). Also, 
an exclusion approach (filter) of land use, soil and slope was adopted, and the sub-basin 
threshold was set to minimum limits of 5% for land use, soil types and slope degrees. 
Following this set-up, 9658 HRUs were generated over RRB. After HRU generation, 
the SWAT model was simulated by inputting the climate parameters (i.e. precipitation, 
air temperature, relative humidity, wind speed, and solar radiation).   
 
The monthly calibration and validation of the SWAT model for streamflow were 
performed using manual calibration method. Ten years, i.e. 1976-1980 and 1995-1999, 
were used for calibration and validation respectively. The SWAT parameters used for 
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Table 3.5: SWAT parameters used for calibration 




Cn2 hru   SCS runoff curve number for 
moisture condition II 
abschg  -40 
esco hru Soil evaporation compensation 
factor 
abschg  -2 
slope hru Average slope length abschg 1 
 
To assess the qualitative and quantitative performance of the model results compared 
to the observed data, three model evaluation statistics tools were applied: coefficient of 
determination (R2) (Eq. (2)), Nash-Sutcliffe Efficiency (NSE) (Eq. (3)), and Percent 
bias (PBIAS) (Eq. (4)). These statistical tools are the most widely used tests to show 













       (2) 










2       (3) 








) ∗ 100       (4) 
 
Where Ο̅ is the mean of the observed values, Ο𝑖 is the 𝑖
𝑡ℎ observed value, Ρ𝑖 is the 𝑖
𝑡ℎ 
simulated value, Ρ̅ is the mean of the simulated values and 𝑛 is the total count of the 
sample pairs. The variables in Eq. (3), and Eq. (4) have similar meanings to those in 
Eq. (2).  
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NSE is a normalised statistic that determines the relative magnitude of the residual 
variance compared to the measured data variance during the modeling period (Nash & 
Sutcliffe, 1970). It is used to evaluate the simulation effect of hydrological models on 
streamflow. The NSE is dimensionless, and its values range from negative infinity to 
1, in which NSE = 1 is considered a best value, as it corresponds to a perfect match of 
observed streamflow to simulated streamflow. Based on Moriasi et al. (2007), the range 
of 0.75 < NSE ≥ 1 means that the model results are very good; 0.65 < NSE ≥ 0.75 means 
that the model results are good; 0.5 < NSE ≥ 0.65 means that they are satisfactory; and 
finally, NSE < 0.5 means that the model results are unsatisfactory. An NSE value ≤ 0 
suggests that the observed average is a better predictor than the model simulation. R2 is 
used to measure the correlation between variables. The range of R2 is 0-1. If R2 = 0, 
there is no correlation between two variables. If R2 = 1, the two variables are linearly 
related. R2 should be greater than 0.60 for the model simulation to be considered good 
(Santhi et al., 2001). The PBIAS measures the deviation between variables by 
comparing the average tendency of the simulated data to the corresponding observed 
data (Gupta et al., 1999). It is an easy method to quantify water balance errors and 
indicate model performance. The optimal value of PBIAS is 0.0, with low-magnitude 
values showing a correct model simulation. A positive value indicates a model 
underestimation bias, and a negative value indicates a model overestimation bias 
(Gupta et al., 1999). PBIAS should range between ± 25% for the model simulation to 
be considered good (Moriasi et al., 2007). The statistical indicators and visual 
comparison of the time series plots between observed stream flow and simulated for 
calibration and validation are presented in Chapter 7.  
 
3.5 Land use land cover change sensitivity experiment 
Figs. 3.3(a) and 3.3(b) show the percentage changes among the LULC classes from 
2000 to 2010 respectively. Among the LULC, agricultural land increased sharply by 
about 5.3%, while shrub land increased by 5% and forest (a combination of deciduous, 
evergreen and mixed forest) increased only by 2.2%. The LULCs that show a large 
decrease are savanna (~3%) and cropland dry land (~2%). Other studies have also 
reported an increase in agricultural land over some parts of the RRB (e.g. Mombo et 
al., 2011; Näschen et al., 2018). As for the forest (evergreen forest), Näschen et al. 
(2018) also reported an increase over the Kilombero catchment during the period 2004 
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to 2014. The catchment is part of the RRB. The increase in agriculture is mostly 
concentrated over certain areas of the basin, e.g. over the wetland of Kilombero, in the 
northeastern and central parts of the basin. Because of the tremendous increase in 
agriculture and the decrease in savanna, the projected LULC changes were considered 
first by increasing agricultural land through decreasing savanna in those specific zones 
that are prone to an increase in agricultural land (Fig. 3.3 (c)). Then, in order to 
demonstrate how other land use changes might affect the hydrology of the RRB, we 
also considered a further three experiments, in which agricultural land in Fig. 3.3 (c) 
was converted to forestry (planted forestry: Fig. 3.3 (d)), then again converted to 
cropland dry land (Fig. 3.3 (e)), and lastly converted to shrubs (Fig. 3.3 (f)). Based on 
these scenarios, our study analysed the impact of different LULC changes on hydrology 
variables and hydrological drought in the RRB. 
 
Therefore, the analysis of the sensitivity experiment is divided into three major 
experiments: (1) Modelling to simulate hydrological components for the historical 
climate (1970-2000) for reanalysis and ensemble models, with a land use map of 2010; 
(2) Modelling to simulate hydrological components with changing global warming 
levels (1.5, 2.0, 2.5 and 3.0) but keeping the land use constant and not changing it (in 
other words, using the land use map of 2010); and (3) Modelling to simulate 
hydrological components for GWL2.0 with land use change, i.e. (a) Savanna converted 
to agricultural land, (b) agricultural land converted to crop land dry land, (c) agricultural 
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Chapter 4 
Characteristics and Drivers of Drought Modes in Eastern 
 
This chapter presents and discusses the results of the analysis on the characteristics and 
drivers of four dominant drought modes in eastern Africa. It describes the spatial and 
temporal characteristics of these drought modes and investigates link between them and 
four atmospheric teleconnections. The correlation between each drought mode and the 
global SST is presented, and the chapter also discusses the atmospheric conditions 
associated with the drought modes in all the seasons. Both objectives (i) and (ii) are 
covered in this chapter. 
 
4.1 The spatial and temporal structure of drought modes over 
eastern Africa 
Figs. 4.1 and 4.2 present the spatial-temporal structure of the first four principal factors 
from the PCA (for the 3- and 12-month SPEI, respectively) over eastern Africa, 
depicting the four dominant drought modes (hereafter, DM1, DM2, DM3 and DM4) 
over the sub-region. The four modes explain 46.5% and 49.6% of the variation in the 
3- and 12-month datasets, respectively. This implies that these four drought modes 
account for more than 45% of drought variability over eastern Africa; moreover, each 
drought mode (DM) has unique spatial-temporal characteristics. 
 
The first drought mode (DM1) explains about 13.6% (3-month SPEI) and 15.9% (12-
month SPEI) of the drought variability; it features the maximum positive loadings (≈ 
0.8) in northeast Kenya and south Somalia (hereafter, the DM1 region), and the 
maximum negative loading over northern Ethiopia and Sudan. As expected, there is a 
good correlation between the DM1 scores and the SPEI over the DM1 region (r > 0.7). 
The 12-month SPEI for the DM1 region reveals that this drought mode has experienced 
two decades of drought conditions (1940–1960), followed by a decade of wet 
conditions (in the 1960s), and four decades of alternating dry and wet conditions 
(1970s–2010s; Fig. 4.2). In general, the DM1 score has a positive trend over the study 
period (1940–2014; Table 4.1), suggesting a wet condition in this drought mode. For 
instance, the frequency of the 3-month drought (i.e. 3-month SPEI < -1) in the DM1 
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mode decreases from about 30 months decade-1 in the 1940s to less than 8 months 
decade-1 in the 2000s (Fig. 4.3 (a)), while that of the 12-month drought (12-month SPEI 
< -1) falls from about 45 months decade-1 in the 1940s to less than 9 months decade-1 
in the 2000s (Fig. 4.3 (b)). However, the wavelet analysis (Fig. 4.4 (a)) indicates that 
this drought mode is modulated at seasonal, inter-annual, and quasi-decadal scales. The 
global wavelet plot shows that the peak cycles in DM1 variability occur at 1-2 years 
and 4-10 years. While the 1-2 year cycle exhibits intermittent but significant variance 
throughout the study period (1940–2014), the 4-10 year cycle only features significant 
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Figure 4.1: The spatial and temporal variability of SPEI drought intensity at the 3-month scale 
in eastern Africa. The panels on the left represent the rotated PCA loading of SPEI drought 
with the variance for each drought mode (hereafter DM1, DM2, DM3, DM4) presented in the 
brackets. The time series panels on the right represent the DMs score and the SPEI drought 
averaged over the red box areas. The correlations (r) between the scores and the SPEI drought 
series are written in the brackets. In the time series plot, a positive value represents wet 
conditions, while a negative value represents dry conditions. 
 
The second drought mode (DM2), which explains 11% (3-month SPEI) and 12.6% (12-
month SPEI) of the SPEI variance, features its highest positive loadings (≈ 0.8) over 
Tanzania (hereafter, DM2 region), where the correlation between the SPEI and DM2 is 
very high (r = 0.8). Its lowest negative loadings is located over northern South Sudan. 
The SPEI features alternating wet and dry conditions throughout the study period 
(1940–2014), and the DM2 score also shows no significant trend over the same period 
(Table 4.1). Nevertheless, the DM2 features its maximum 3-month and 12-month 
drought frequency (15 months decade-1 and 22 months decade-1, respectively; Fig. 4.3) 
in the 1940s, when the DM2 has the most intensive 12-month drought episode (SPEI ≈ 
-2.0; Fig. 4.2). This drought episode has been extensively analysed by Ntale and Gan 
(2003), who used other drought indices to characterise it as an extreme drought (SPI <= 
-2; PDSI = -4). However, the wavelet analysis of the DM2 score indicates that the 
dominant cycle in DM2 variability peaks at 1-2 and 4-8 years (Fig. 4.4 (b)). While the 
1-2 year cycle exhibits intermittent significant power throughout the study period, the 
2-8 year cycle only features a continuous significant power before 1970. 
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Table 4.1: The coefficient of correlation between the drought modes over eastern Africa and 
climate indices 
Drought Modes IOD (5.31E-5) Niño 3.4 (1.87E-4*) TADI (6.02E-4**) QBO (8.05E-4) 
DM1 (2.5E-4*)     0.14**     0.24**     0.05     0.02 
DM2 (-1.7E-4)     0.13**     0.09*     -0.02     0.002 
DM3 (-3.3E-4**)     0.08*     -0.11*     0.09*     -0.005 
DM4 (8.9E-4**)     0.12**     0.14**     -0.02      0.03 
The clarification of climate indices used is given in Table 3.2.  All the variables were detrended 
before the correlation analysis, and the trend (unit per month) in each variable is indicated in 
brackets under the variable. Significant coefficients are indicated with * or **  
*t significant at p<0.05 
**t significant at p<0.001 
 
 
The third drought mode (DM3) explains 11% (3-month SPEI) and 9.8% (12-month 
SPEI) of the SPEI variance and features the peak positive loadings (up to 0.8) in west-
central Ethiopia and South Sudan (hereafter, DM3 region) with its negative loadings (≈ 
−0.2) along the coastal area. The correlation between the DM3 and SPEI over the DM3 
region is more than 0.7. The SPEI time-series reveals that the DM3 region was 
dominated by wet conditions in 1945–1970, dry conditions in 1970–1990, and 
alternating wet and dry conditions in 1990–2010. Hence, in contrast to the DM1 score, 
the DM3 score features a negative trend over the study period (1940–2014), suggesting 
a dry condition in the DM3 mode (Table 4.1). At both 3- and 12-month scales, the DM3 
drought (SPEI < -1) has a maximum decadal frequency in the 1980s followed by the 
2000s (Fig. 4.3). This result agrees with Lyon (2014), who observed a rainfall deficit 
over the north-western part of eastern Africa in 1950–2010. Elagib and Elhag (2011) 
also found a decrease in precipitation under warmer conditions over most part of DM3 
in the period of 1940–2008. The wavelet analysis of the DM3 scores (Fig. 4.4 (c)) shows 
that the dominant cycles in DM3 mode are at 1-4 years and 7-20 years. While the 1-4 
year cycle features intermittent significant power throughout the study period (1940–
2014), the 7-20 year cycle has weak but significant power in 1960–1990. 
 
The fourth drought mode (DM4) accounts for 10.7% (3-month SPEI) and 11.3% (12-
month SPEI) of the SPEI variability and features its highest loading over the Horn of 
Africa, i.e. over northern Somalia and eastern Ethiopia (hereafter, the DM4 region). 
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The DM4 score is also well correlated with SPEI over the DM4 region (r=0.8). The 12-
month SPEI indicates that the DM4 region experienced more than three decades of 
persistent dry conditions in 1940–1965, followed by alternating wet and dry conditions 
in 1970–2000, and persistent wet conditions in 2004–2014. Hence, similar to DM1, 
DM4 has a generally positive trend (wet conditions) during the study period (Table 
4.1). This result is similar to that of Damberg and Aghakouchak (2014), who found a 
positive trend in 6-month SPI over the Horn of Africa in 1980–2013. However, at both 
3-month and 12-month scales, the DM4 drought has a maximum decadal frequency 
(about 32 months decade-1 and 63 months decade-1 respectively) in the 1950s, and 
features no drought in the 2000s (Fig. 4.3). The wavelet analysis (Fig. 4.4 (d)) indicates 
that the peak cycles in DM4 score are at the 1-12 years band, and that all the cycles 
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Figure 4.3: Decadal variations of SPEI drought frequency at (a) 3- and (b) 12-month scale. 
The drought frequency is the representation of the DM regions over the red boxes in Figures 2 
and 3 that have a drought intensity of less than -1. 
 
The differences in the spatial-temporal characteristics of these drought modes suggest 
that they have different drivers, which could be local or remote drivers, or both. Due to 
the difference in the spatial structure, a large-scale or synoptic scale driver could 
influence the drought model differently. In the next section, we explore the influence 
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Figure 4.4: The wavelet power spectrum and their associated global wavelet (the left and right 
panels respectively), derived using SPEI drought scores at 3-month scales for (a) DM1, (b) 
DM2, (c) DM3 and (d) DM4. The scaling of wavelet power has been done through the global 
wavelet spectrum. The cross-hatched region is the core of influence, where edge effects might 
influence the results or where zero padding has reduced the variance. The black contour is the 
10% significance level, using the global wavelet as the background spectrum. 
 
4.2 Drivers of the drought modes 
Table 4.1 presents the correlation between each drought mode and the four atmospheric 
teleconnections (ENSO, IOD, TADI and QBO), while Figs. 4.5-4.8 show the 
corresponding wavelet coherence. In general, Table 4.1 suggests a weak correlation (r 
< 0.2) between each drought mode and the teleconnections, but Figs. 4.5-4.8 reveal a 
strong intermittent coupling between them. However, the strength of the coupling varies 




Figure 4.5: Wavelet coherence of the SPEI drought score of the first drought mode (i.e. DM1) 
and the global teleconnections (i.e. IOD, Niño 3.4, TADI, and QBO). The 5% significance level 
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against the red noise is shown as a black contour. The phases between the time series of the 
DM1 score and the teleconnections are shown as thick black arrows. Downward pointing 
arrows mean that the teleconnection leads DM1, and vice versa. Right pointing arrows mean 




Figure 4.6: As in Figure 4.5, but with drought mode DM2. 
 
The DM1 mode is coupled with the four climate indices but best linked with IOD and 
least associated with QBO. The significant coupling between DM1 and IOD 
persistently occurs at 1-3 year and 4-8 year cycles throughout the study period (1940–
2014), although it is most prominent in 1940–1980 (Fig. 4.5). In contrast the coupling 
of DM1 with TADI is only significant at the 8-16 year cycles in 1980–2000, while the 
coupling of DM1 with ENSO only features at the 1-4 year band in 2000–2014. This 
suggests that the DM1 drought mode is generally coupled with IOD, but when this 
coupling is weak, its coupling with TADI (as in 1980–2000) or with ENSO (as in 2000–
2014) becomes significant. Conversely, it could also be that an enhancement in the 
coupling of DM1 with TADI or ENSO weakens the coupling of DM1 with IOD. 
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However, this result agrees with Nicholson (1996), Lyon and DeWitt (2012), and Lyon 
(2014) who observed that the eastern Africa drought is primarily affected by the Indian 
Ocean (IOD), while ENSO (Niño3.4) and the Tropical Pacific Ocean (TADI) appear to 
have secondary effects. At the seasonal scale, the correlation between DM1 and SST 
over the Pacific Ocean and Indian Ocean is only strong during DJF and SON, and the 
pattern of the spatial correlation differs slightly in the seasons (Fig. 4.9). However, no 





Figure 4.7: As in Figure 4.5, but with drought mode DM3. 
 
The DM2 mode is better coupled with IOD and Niño3.4 than with TADI or QBO 
(Fig. 4.6). However, there are some differences in the coupling of DM2 with IOD and 
with Niño3.4. For example, while this drought mode is significantly coupled with 
Niño3.4 at the 1-6 year cycle throughout the study period, it is linked with IOD at a 
wider cycle band (1-12 years), and the link is only in 1950–1970 and 1980–2010. This 
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suggests that Niño3.4 may be the primary drivers of DM2, while IOD plays a secondary 
role. Nevertheless, the intensity and frequency of the DM2 drought in the 1960s and 
1990s (Fig. 4.2 and Fig. 4.3) coincides with significant coupling between DM2 and 
IOD during this period (Fig. 4.6). At the seasonal scales, the coupling of DM2 with 
SST is moderately high (r > 0.51) over the Indian Ocean in SON. This is consistent 
with Endris et al. (2015) and Rowell (2013) who found that the DM2 region is more 




Figure 4.8: As in Figure 4.5, but with drought mode DM4. 
 
The DM3 drought mode is better coupled with Niño3.4 and TADI than with IOD or 
QBO. The coupling of DM3 with Niño3.4 and TADI is significant at the 1-6 year and 
8-16 year cycle but more persistent at the 8-16 year cycle, especially in the period of 
1960–1990 (Fig. 4.7). This implies that the peaks in intensity and frequency of DM3 
droughts in the 1980s may be attributed to the coupling of the mode with Niño3.4 and 
TADI at the 8-16 year cycle. This result agrees with previous studies (e.g. Korecha & 
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Barnston, 2007; Lyon, 2014; Segele et al., 2009) that the DM3 drought responds 
strongly to ENSO. However, some studies (e.g. Korecha & Barnston, 2007; Lyon, 
2014) document a weak correlation between the DM3 region and Tropical Atlantic 
Ocean signals. Fig. 4.7 indicates that the coupling of the DM3 drought with IOD is 
weak throughout the study period, except at a 1-2 year cycle around 1990. Williams et 
al. (2012) also found a weak correlation between precipitation in the DM3 region and 
the southern tropical Indian Ocean, specifically during the intense drought years of the 
1980s. At the seasonal scale, the correlation between DM3 and SST is generally weak 
in all the seasons; the highest correlation (about ±0.3) occurs over the North Atlantic 




Figure 4.9: The correlation between the scores of 3-month scale SPEI drought modes (DM1, 
DM2, DM3 and DM4) and the global SSTs in seasons DJF, MAM, JJA, and SON. The red 
boxes in the figure indicate where the DM regions are positioned. 
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DM4 is also well coupled with the four teleconnections. However, this drought mode 
is better coupled with IOD and Niño3.4 than with QBO or TADI. The coupling of DM4 
with IOD and Niño3.4 has a similar pattern in the 1-8 year band, suggesting that IOD 
and Niño3.4 jointly modulate the DM4 mode in this cycle band. However, IOD has 
additional significant modulation on this drought mode at the 16-year cycle. The 
continuous modulation, which persists throughout the study period, suggests that IOD 
may be the primary driver for quasi-decadal variability in this drought mode. TADI 
also makes a significant contribution to the quasi-decadal variability, but the 
contribution is not significant after 1970. However, the peaks in frequency and intensity 
of the DM4 drought (in the 1950s and 1990s) are well linked with the variability in 
IOD. This agrees with Bahaga et al. (2015) and Endris et al. (2015), who showed that 
the negative phase of IOD contributes to higher drought over the DM4 region compared 
to La Niña because the negative IOD additionally has a mechanism to reduce the 
moisture influx from the Congo basin to the DM4 region. At seasonal scales, the 
coupling of DM4 with SST is generally weak (r < 0.4) over all the ocean basins. 
 
4.3 Atmospheric conditions associated with the drought modes 
Figures 4.10-4.12 present the composites of SPEI and the corresponding wind and 
moisture transport anomalies during the three strongest 3-month droughts, in 
comparison with the climatology. Fig. 4.10 reveals that, while each drought mode can 
occur in any season, the associated drought intensity and area vary with the seasons. 
For example, DM1 and DM2 droughts, which are confined to their core regions in JJA, 
intensify and expand to almost the entire eastern Africa in other seasons. However, the 
seasonal variability is less pronounced in DM3 and DM4, whose drought areas hardly 
change with the seasons. The most intense drought over the DM1 and DM2 cores occurs 
in DJF and SON, while that over the DM3 and DM4 cores feature in MAM and SON. 
Nevertheless, all the drought mode cores experience their weakest drought intensity in 
JJA. Lyon (2014) showed that about 50% of the inter-annual variability of rainfall over 
the bimodal DM1, DM2 and DM4 regions can be attributed to variability of the short 
rain alone (OND maxima), and for location DM3, which has unimodal JJA rainfall, 
maxima are found with large inter-annual variations. Therefore, this might be the reason 
why SON is the most intense drought season in most parts of eastern Africa. 
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In all the seasons, there is a strong correlation between the composites of SPEI and SPI 
(r > 0.8), but there are some notable differences in the drought intensity produced by 
the two indices, especially at the core of the drought modes. In some cases (e.g. DM1 
in SON), the SPEI drought intensity is higher than that of SPI (meaning that 
evapotranspiration enhances the drought intensity), while in other cases, the SPEI 
drought intensity is lower (e.g. DM1 in MAM, suggesting that a decrease in the 
evapotranspiration reduces the drought intensity). All the drought modes experience 
higher evapotranspiration during JJA (in this season SPEI drought intensity shows more 
negative values than SPI). Comparing to other drought mode core regions, DM4 seems 
to be mostly affected by drought because of low rainfall but higher evapotranspiration 
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Figure 4.10: The climatology of the moisture balance (CMB climatology) and the composite of 
3-month scale SPEI drought intensity for the first four drought modes (i.e. DM1, DM2, DM3, 
and DM4) in the season DJF, MAM, JJA, and SON. 
 
Fig. 4.11 shows a net downward motion over each drought mode core and a net upward 
motion (i.e. enhanced convection) in the adjacent area (regions far from drought core). 
This suggests that the net downward motion that suppresses drought over the drought 
mode core is induced by the enhanced convection over the adjacent areas. However, 
the location of the adjacent convection varies with drought modes and with the seasons. 
For example, with DM1, the droughts are linked with enhanced convection over areas 
south of 20oS in DJF, but over central Africa in SON. There is a net transport of 
moisture into the continent from the tropical Indian Ocean over the drought area, but 
the moisture seems to only enhance convection adjacent to the drought area (Fig. 4.12). 
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Figure 4.11: The climatology of wind components (Climatology) and the composite of their 
anomalies for the SPEI drought intensity at 3-months scale for the drought modes DM1, DM2, 
DM3, and DM4 in the seasons DJF, MAM, JJA, and SON. The wind field found at 500mb level. 
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Figure 4.12: The climatology of moisture transports (Climatology) and the composite of their 
anomalies for the SPEI drought intensity at 3-months scale for the drought modes DM1, DM2, 




This study has presented the temporal and spatial characteristics of drought modes over 
eastern Africa in the period 1940–2014, using a drought index (SPEI) in quantifying 
the droughts at two time-scales: 3-month and 12-month. The SPEI is a climate water 
balance, calculated from the CRU monthly precipitation and potential 
evapotranspiration (PET) dataset. We obtained the temporal and spatial structure of the 
four major drought modes over the region by applying PCA to extract the first four 
principal factors from the SPEI dataset. The temporal structures of the modes are 
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described by means of wavelet analysis. The influence of four climate indices (i.e. 
ENSO, IOD, TADI and QBO) and global SSTs on each drought mode was quantified, 
and the atmospheric condition associated with the drought modes was examined. Our 
findings can be summarised as follows: 
 
● The four major drought modes (DM1, DM2, DM3 and DM4) account for more 
than 45% of SPEI variability over eastern Africa, and feature their cores over 
different areas of the region, namely: central eastern (DM1), southern and south-
western (DM2), north-western (DM3) and far north-eastern (DM4).  
● The drought modes have different temporal variation and produced their 
maximum drought frequency in different decades within the study period 
(1940–2014). In the wavelet spectrum, DM1 featured significant power at the 
4-10 year cycle after 1980, DM2 at the 2-8 year cycle before 1970, DM3 at the 
7-20 year cycle in 1960–1990, and DM4 at the 4-8 year cycle in 1960–1980. 
● The coupling of the drought modes to the atmospheric teleconnections (i.e. 
ENSO, IOD, TADI and QBO) also differs. The DM1 mode is best coupled with 
IOD, DM2 with IOD and ENSO, DM3 with ENSO and TADI, and DM4 with 
IOD and ENSO. 
● At the seasonal scale, there is a strong correlation between DM1 and SST over 
the Indian and Pacific Oceans in DJF and SON, and between DM2 and SST 
over the tropical Indian Ocean in SON. 
● The composite of SPEI drought shows that each drought mode can occur in any 
season, but the difference lies in the associated drought intensity and area 
coverage at each season. The seasonal variability is, however, more pronounced 
for DM1 and DM2, and less seasonal changes are noted in DM3 and DM4. 
● The analysis of the drought modes also suggests that the net downward motion 
that suppresses drought over the drought mode core area is induced by the 
enhanced convection over the adjacent areas. The location of the adjacent 
convection varies with drought modes and with the seasons. 
 
Further work is done in the next chapters to understand the future impacts of climate 
change on eastern Africa droughts to assist in proper mitigation measures. 
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Chapter 5 
Potential Impacts of 1.5°C and 2°C global warming levels on 
Drought Modes over Eastern Africa 
 
This chapter discusses the impact of global warming at 1.5°C and 2.0°C levels on the 
characteristics of the four major drought modes discussed in the previous chapter. It 
starts by examining the capability of the CORDEX models in simulating the drought 
modes, and then describes the impacts of the two specified global warming levels on 
the major drought modes under two future climate forcing scenarios (RCP4.5 and 
RCP8.5). 
 
5.1 Observed and simulated drought modes in the historical climate 
To assess the credibility of CORDEX RCMs in simulating historical drought modes 
over eastern Africa, the characteristics of the simulated drought modes in the historical 
climate are compared with the observations (Fig. 5.1-5.3). The RCM ensemble 
replicates the spatial pattern of the observed drought modes well (Fig. 5.1). For all the 
drought modes, the correlation between the simulated and observed patterns is high (r 
≥ 0.7). The model ensemble mean features the core hotspot (i.e. the highest positive 
loadings) of the modes at the same locations as in the observations. The first drought 
regime (DM1) explains about 21% (CRU) and 13% (model ensembles mean) of the 
drought variability, and features its highest positive loadings (≈ 0.8) over northeastern 
Kenya and southern Somalia, and a negative loading (≈ 0.6) over northern Sudan and 
north-western Ethiopia. The second drought regime (DM2) explains 12% (CRU) and 
14% (ensembles mean) of the SPEI variance, and features its highest positive loadings 
(≈ 0.6) over Tanzania. DM2 has the highest negative loadings (≈ 0.2) located far north 
of eastern Africa. The third drought regime (DM3) explains 11% and 16% of CRU and 
ensembles mean respectively of the SPEI variance, and shows its highest positive 
loadings (≈ 0.6) over the Horn of Africa (i.e. northern Somalia and eastern Ethiopia). 
The last drought mode (DM4) accounts for 11% (CRU) and 15% (ensembles mean) of 
the variability, and features its highest positive loading over most parts of South Sudan 
and some parts of west-central Ethiopia, while the negative loadings are found along 
the eastern Africa coastal area
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 In general, these drought modes correspond to different rainfall climate zones in 
eastern Africa (Cook & Vizy, 2012; Lyon, 2014; Yang et al., 2015). The DM1 area has 
a bimodal rainfall climatology with peaks during MAM (heavy rains) and OND (light 
rains). According to Yang et al. (2015), the DM4 area has a similar pattern of rainfall 
climatology as the DM1 area and therefore the differences can be on the large-scale 
systems (teleconnections) that influence their climate. For instance, the DM4 region is 
affected strongly by the Somali jet (Findlater, 1977; Segele et al., 2009) and the Asian 
monsoon (Camberlin, 1997; Vizy & Cook, 2003), and relatively no effect occurs in the 
DM1 region. Both DM2 and DM3 have a unimodal rainfall climatology, with 
similarities in their intensity ranges in the peak season but differing in terms of the time 




Figure 5.1: The observed and simulated (ensembles mean) loadings of 12-month SPEI over 
eastern Africa for the period 1971-2000. The red boxes represent the core area of the four 
drought modes. The percentage of variance explained in terms of each mode (DM1, DM2, DM3 
and DM4) of CRU and the ensemble is indicated at the right lower corner of each panel. The 
spatial correlation between the observed and simulated loadings for each mode is shown on 
top of each variance. 
 
The capability of RCMs to reproduce the spatial pattern of the drought modes varies 
among the simulations (Fig. 5.2). For all drought modes, the correlation between 
individual simulation and observation varies between 0.3 and 0.9. All the simulations 
show their best performance in simulating either DM1 (r = 0.5 < r < 0.8) or DM2 (0.6  
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< r < 0.9), and their worst performance in simulating DM3 (r = 0.3 < r < 0.8). The best 
performance of the model in simulating DM1 and DM2 may be because the modes are 
mostly controlled by the large-scale atmospheric circulation or teleconnections (e.g. 
ENSO and IOD), which are accurately reproduced by the simulations. Several studies 
have shown the DM2 hotspot to have a high correlation with the tropical Pacific Ocean 
and the western Indian Ocean (e.g. Dutra et al., 2013, Lott et al., 2013; Nicholson, 1996; 
Tierney et al., 2013; Trenberth et al., 2014). 
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Figure 5.2: The observed and simulated loadings of 12-month SPEI over eastern Africa for the period 1971-2000. The percentage of variance explained by the 
CRU and each RCM model for all drought modes is indicated at the right lower corner of each panel. The spatial correlation between observed and simulated 
is shown at the bottom of each variance. 
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The RCMs give credible simulations of drought frequency over the core hotspots of the 
DM1, DM2, DM3 and DM4 (Fig. 5.3). For all the DMs, the observed drought frequency 
(in terms of both SPEI and SPI) falls within the simulations’ spread. However, the 
performance of the simulations in reproducing the drought frequency is generally better 
with SPI than with SPEI. For instance, in DM1, more than 75% of the simulations 
overestimate the SPEI drought frequency, but less than 75% of them overestimate the 
SPI drought frequency. Also, in DM3 and DM4, while the observed SPI drought 
frequency falls within the 1st quartiles of the simulated values, the observed SPEI 
drought frequency is below the 1st quartile 
 
The better performance of the RCMs in simulating SPI than SPEI suggests a larger bias 
in the simulated precipitation than in the simulated PET (which is calculated from Tmax 
and Tmin). Nevertheless, for all DMs, the observations and the simulations agree that 
the SPEI droughts are more frequent than the SPI droughts. The difference ranges from 
~3 (CRU) and ~2 (RCM median) in DM1 to ~0.5 (CRU) and ~3 (RCM median) in DM4. 
This suggests that the inclusion of the PET enhances the intensity and frequency of 
droughts over the hotspots. The results agree with Vicente-Serrano et al. (2010a; 2012a) 


















Figure 5.3: The frequency of 12-month droughts (SPEI ≤ -1; SPI ≤ -1) over the core area of the 
four drought modes (DMs: DM1, DM2, DM3, and DM4) in the historical climate (1971-2000), 
as depicted by CRU observation and RCM simulations. The boxplot represents the interquartile 
model ensemble spread range: minimum, 1st quartile, median, 3rd quartile and maximum values.  
 
5.2 Impacts of 1.5oC and 2oC warming on drought modes under 
RCP4.5 scenarios 
The simulation ensemble mean projects no changes in the spatial structures of the 
drought modes under both 1.5°C and 2.0°C global warming levels (Fig. 5.4). The 
correlation between the spatial distribution of the drought modes in past and future 
climates is very strong (r = ~ 1), the locations of the drought mode cores remain the 
same, and the changes in the percentage of variance explained by each drought mode 
are very small (< 2%). This suggests that the 1.5°C and 2.0°C global warming may not 
alter the location and structure of these major drought patterns. The weak sensitivity of 
the structure of the drought modes to 1.5°C and 2.0°C global warming may be because 
the locations of the large-scale drivers (e.g. ENSO, IOD) have been projected not to 
change with global warming. For example, Vecchi et al. (2010) found no clear evidence 
of ENSO activity to increase or decrease when considering future global warming trends 
and Stevenson et al. (2011) indicated insignificant weakening of ENSO variability with 
higher CO2 concentrations. Cai et al. (2013) also documented a non-change of the IOD 
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mean frequency with global warming levels, and only a minor change in amplitude 




Figure 5.4: The projected spatial structure of 12-month SPEI over eastern Africa in the future 
climate at 1.5°C and 2.0°C global warming levels under RCP4.5 scenarios. The percentage of 
variance explained by each drought mode is indicated in the lower right corner of each panel. 
The spatial correlation between historical and future simulation loadings for each mode is 
shown at the top of the variance.  
 
The RCMs project a substantial increase in the intensity and frequency of SPEI droughts 
over DM1, DM2, DM3 and DM4 hotspots under both 1.5oC and 2oC global warming 
levels (Fig. 5.5). The magnitude of the increase, which is generally higher under 2.0oC 
than 1.5oC warming, varies over the DM cores. The highest increase in SPEI drought 
intensity (i.e. reduced SPEI: -0.4 and -0.6 for 1.5oC and 2oC warming, respectively) and 
frequency (about 15 and 20 months per decade  for 1.5oC and 2oC warming, 
respectively) occurs over the DM4 hotspot, while the smallest increase in the intensity 
(i.e. reduced SPEI: -0.1 and -0.3 for 1.5oC and 2oC warming respectively) and frequency 
(about 10 and 12 months per decade  for 1.5oC and 2oC warming, respectively) occurs 
over the DM1 hotspot. The largest difference between the impacts of the two warming 
levels is over DM3. However, there are some discrepancies among the simulations as to 
the sign and magnitude of the projected changes. For example, in the 2oC warming 
projection over the DM2 (Fig. 5.5 (a) and (c)), the projected changes in the drought 
intensity vary from -1.6 to +0.4 and the changes in drought frequency vary from -10 to 
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70 months decade-1. Nevertheless, more than 75% of the simulations agree that both 
1.5oC and 2oC warming will increase drought intensity and frequency over the four 
drought hotspots. This result agrees with those of previous studies that there is a 
projected decrease in precipitation and an increase in potential evapotranspiration over 
most parts of eastern Africa (e.g. Cook and Vizy 2012). However, the use of SPEI in the 
present study combines the projected changes in precipitation and evapotranspiration in 




Figure 5.5: Projected changes in intensity and frequency of 12-month droughts (SPEI < -1; 12-
month SPI < -1) under future climates with 1.5°C and 2.0°C global warming levels under the 
RCP4.5 scenario. The changes are calculated with respect to the historical climate (1971-2000). 
The boxplot shows the interquartile of the simulation spread: minimum, 1st quartile, median, 3rd 
quartile and maximum values. 
 
The projected changes in SPI drought differ from those of SPEI in many aspects (Fig. 
5.5). For example, over three of the DMs (DM1, DM2 and DM3), the projected changes 
(ensemble mean) in SPI drought characteristics have the opposite sign to that of SPEI. 
In contrast to the SPEI results, an increase in SPI (wet condition) and a decrease in SPI 
drought frequency are projected over the three DM hotspots (DM1, DM2 and DM3). 
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Under the 1.5oC degree warming level, the maximum increase in SPI (about +0.2) and 
the maximum decrease in drought frequency (about -5 months/decade) occur over DM3. 
In addition, over the DM4 hotspot, where the signs of changes in SPI and SPEI drought 
are the same, the magnitude of the changes (for both drought intensity and frequency) 
is smaller in SPI than SPEI. Under 2oC warming, the simulation ensemble projects a 
decrease of about -0.1 in SPI drought intensity (compared to about -0.6 in SPEI) with 
the simulations’ spread ranging between -0.6 and +0.4 (compared to -1.4 and 0.2 in 
SPEI). The corresponding increase in SPI drought frequency (ensemble mean) is about 
3 months decade-1 (compared to 20 months decade-1 in SPEI). Furthermore, the level of 
agreement among the simulations on the projections is weaker in SPI (less than 75% of 
the simulations agree) than in SPEI (more than 75% of the simulations agree). The 
differences in the SPI and SPEI projections are due to the influence of PET on droughts. 
While the SPEI projections account for this influence, the SPI projections do not. It is 
expected that global warming would enhance potential evapotranspiration, and thus 
induce a drier climate over eastern Africa. Hence, the difference between the SPEI and 
SPI projections stresses the need to include potential evapotranspiration in projecting 
the impact of global warming on droughts over the region. 
 
5.3 Impacts of 1.5oC and 2oC warming on drought modes under RCP 
8.5 scenarios 
The RCP8.5 projection (Fig. 5.6, Fig. 5.7) features similar drought characteristics as the 
RCP4.5 projection (Fig. 5.4, Fig. 5.5). The spatial distribution of the drought modes is 
the same as those in historical and RCP4.5 patterns. This further suggests that the spatial 
structure distribution of major drought modes over the eastern Africa may be invariant 
to the global warming levels or climate forcing scenarios. While the changes in drought 
frequency and drought intensity are sensitive to the warming levels (1.5oC and 2.0oC), 
they do not vary much with the climate forcing scenarios (RCP4.5 and RCP8.5) (Fig. 
5.7). For instance, with 2oC warming, the difference between the RCP4.5 and RCP8.5 
projections (i.e. ensemble mean) is small over DM4; with regard to drought intensity, it 
is less than 0.2, and with regard to drought frequency, it is less than 5 months decade-1. 
The spread of the simulations among the two are also comparable, although the level of 
agreement is somehow weaker in the RCP8.5 projection, where less than 75% of the 
simulations agree on the projected changes over DM2. The discrepancy between the 
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SPEI and SPI results also features in the RCP8.5 projection, in that wetter conditions 
and less frequent SPI droughts are also projected over the DM hotspots, except over 
DM4. Hence, at a given warming level, there is no difference in the eastern African 
drought characteristics under RCP4.5 and RCP8.5. Some studies have reported a similar 
result for different variables over some regions (Shi et al., 2018; Karmalkar & Bradley, 
2017). For example, Shi et al. (2018) found no significant difference in the projected 
mean temperature and temperature extremes over China under RCP4.5 and RCP8.5 at 
both 1.5oC and 2.0oC warming levels. 
 
 
Figure 5.6: The projected spatial structure of 12-month SPEI over eastern Africa in the future 
climate at 1.5°C and 2.0°C global warming levels under RCP8.5 scenarios. The percentage of 
variance explained by each drought mode is indicated in the lower right corner of each panel. 
The spatial correlation between historical and future simulation loadings for each mode is 
shown at the top of the variance.  
 
However, the most robust information from the RCP4.5 and RCP8.5 projections is that 
the spatial structure of the major drought modes in eastern Africa may not change with 
the global warming levels (1.5oC and 2oC), but that the intensity and frequency of SPEI 
drought over DM1, DM2, DM3 and DM4 hotspots may increase with the warming 
levels, although the projected change of SPI droughts may not change substantially. This 
suggests that the impact of global warming on future droughts may be stronger through 
increased potential evapotranspiration than through decreased precipitation. Hence, 
future drought mitigation options over the DM1, DM2, DM3 and DM4 hotspots should 
focus more on activities that minimise loss of moisture and surface runoff through 
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evaporation. Such activities could include planting of trees and shrubs to protect the land 
from direct evaporation and lower the strength of wind that accelerates the humidity loss 
above the surface of water reservoirs (Ritchie, 1983). Alvarez et al. (2006) 
recommended the use of shade structures, which reduce the energy available for 
evaporation and reduce the strength of wind blowing over the water surface specifically 
for small reserves. For a large dam, Craig et al. (2005) proposed the construction of 
deeper storages with smaller surface areas or dividing the dam into smaller sections to 
lower the wind flow. 
 
 
Figure 5.7: Projected changes in intensity and frequency of 12-month droughts (SPEI < -1; 12-
month SPI < -1) under future climates with 1.5°C and 2.0°C global warming levels under the 
RCP8.5 scenario. The changes are calculated with respect to the historical climate (1971-2000). 
The boxplot shows the interquartile of the simulation spread: minimum, 1st quartile, median, 3rd 
quartile and maximum values. 
  
5.4 Summary 
This study has examined the potential impacts of ongoing global warming on the 
characteristics of major drought modes in eastern Africa at 1.5oC and 2oC warming 
levels under RCP4.5 and 8.5 scenarios. The CRU observation and 19 CORDEX RCM 
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simulation datasets were analysed for this study. The simulation datasets consist of 
rainfall and temperature (maximum and minimum) data for the historical climate (1971-
2000) and for the future climate with 1.5oC and 2oC warming levels under RCP4.5 and 
8.5 climate forcing scenarios. The SPEI (a drought index that is based on climate water 
balance) was used to quantify drought and the PCA was applied to the SPEI data to 
obtain the most dominant four drought modes over the region. The characteristics of 
drought modes that were considered include the spatial structure of such drought modes, 
as well as the intensity and frequency of drought over the hotspots. The capability of the 
CORDEX simulations to reproduce these characteristics was examined before analysing 
the simulations to investigate the impacts of global warming on the four drought modes. 
The results of the study can be summarised as follow: 
● The RCM ensemble mean gives a realistic simulation of the characteristics of 
the four major drought modes over eastern Africa. The correlation between the 
simulated and observed spatial structures of the droughts is high (r > 0.7), and 
the observed drought frequency over the hotspots falls within the simulation 
spread. 
● The simulations and CRU observations agree that using SPI (instead of SPEI) 
produced a lower drought frequency in the historical climate. However, the 
RCMs perform better at simulating SPEI than at reproducing SPI. 
● The RCM ensemble project that the spatial structures of the drought modes are 
invariant to global warming levels (1.5°C and 2.0°C) and to changes in the RCP 
scenarios (RCP4.5 and RCP8.5). Nevertheless, the increases in the warming 
levels are projected to substantially increase the intensity and frequency of SPEI 
droughts over the core of the drought modes. 
● The SPI projections (i.e. changes in drought intensity and frequency) give 
opposite results to those of SPEI over the first three drought modes, and the 
magnitude of the SPI changes is smaller than that of SPEI over the fourth drought 
mode. 
 
Future work can improve the robustness of these results in many ways. For example, 
this present study has focused on meteorological droughts by using SPEI and SPI to 
quantify drought. Following Vicente-Serrano et al. (2010), the SPEI was calculated 
using potential evapotranspiration, which is only equal to actual evaporation when there 
is sufficient surface water supply. The SPEI might have overestimated the drought 
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intensity under the natural conditions, while the SPI might have underestimated it. 
Hence, using actual evaporation (which is not available for all CORDEX simulations) 
might improve the quality of the SPEI. Future studies can also extend the study to 
consider other impacts of global warming on agricultural, hydrological, and economic 
droughts by using appropriate drought indices to identify the agricultural, hydrological 
and economic drought regimes. These drought regimes might be the same or different 
from the meteorological drought regimes identified here, but understanding how the 
global warming might affect the hotspots of different types of drought will help policy 
makers to use the most appropriate options in mitigating the impacts. However, the 
present study has shown that, while the global warming may not alter the hotspot of the 
major drought modes over eastern Africa, it may indeed increase the intensity and 
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Chapter 6 
Projected changes in the characteristics of hydrological 
drought over East African basins 
 
This chapter presents the projected future changes in hydrological drought over four 
river basins (i.e. Rufiji, Tana, Juba and Upper-Nile) in East Africa, as simulated by the 
CORDEX models. Before presenting the projections, the chapter discusses the 
capability of the climate simulations in representing the climatology over East Africa 
and over the basins. The projections, which are based on the RCP 8.5 future climate 
scenario, are discussed at four specific GWLs, namely, 1.5°C, 2.0°C, 2.5°C and 3.0°C, 
and for two drought indices (SPEI and SPI). The implications of both the similarity and 
the differences in the SPEI and SPI projections are also discussed.  
 
6.1 Evaluation of climate simulation 
The ensemble mean simulates the observed spatial heterogeneity in climate variables 
over East Africa well (Fig. 6.1 and Fig. 6.2). For all the variables, the correlation pattern 
between the ensemble mean and the observation is greater than 0.60. Like the 
observation, the simulations feature the highest temperatures (i.e. TMAX ≥ 30°C) over 
the north-western and eastern parts of East Africa (i.e. over South Sudan, northern 
Ethiopia, Somalia and northern Kenya), and the lowest temperatures (TMIN ≤ 3°C) 
over the mountains of Ethiopia, Kenya and Tanzania. The mean temperature pattern 
over the northern part of the region and Lake Victoria is well represented by the 
ensemble mean. The ensemble mean shows least bias for mean temperature over most 
of the region as compared to its bias on TMAX and TMIN. 
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Figure 6.1: The spatial distribution of climatology of maximum, minimum and mean 
temperatures over East Africa (1971 to 2000) as observed by CRU and depicted by the 
CORDEX RCMs ensemble. The evaluation of the climate simulation was done on an annual 
basis. The correlation between the observation and the simulation is shown in brackets in the 
lower right corner of the RCM panels. All the correlations are statistically significant (at 99% 
confidence level). The BIAS plots show the difference between RCMs and CRU (i.e. RCM minus 








Figure 6.2: Same as Figure 6.1, but for climatology of precipitation, potential 
evapotranspiration (PET) and climate water balance (CWB).  
 
The ensemble mean also captures the spatial variation of rainfall, even over the coast 
of Somalia and the highlands of Ethiopia, where substantial orographic rainfall occurs 
(Lyon, 2014). In addition, the model ensemble and the observations both show similar 
spatial changes with regard to PET and CWB in the northern parts of the region (Figs. 
6.2 (d), (e), (g) and (h)). However, there are some biases in the simulation. For example, 
the simulation features a cold bias (about -4°C in TMAX) over the mountains in 
Ethiopia, and a warm bias (about 4°C in TMIN) over parts of Ethiopia, South Sudan 
and Lake Victoria (Fig. 6.1 (c)). The ensemble mean shows the least bias for the mean 
temperature over most part of the region, as compared to its bias on TMAX and TMIN. 
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Also, the simulation overestimates precipitation (by ~20 mm/month) over the Ethiopian 
highlands and Lake Victoria but underestimates it (by ~30mm/month) over south-
eastern Tanzania (Fig. 6.2 (c)). The simulated PET is generally lower than the observed 
PET. Also, in most parts of East Africa, the PET bias is lower than the PRE bias, while 
the pattern of the CWB bias is similar to that of PRE (Fig. 6.2 (f)). For example, the 
maximum CWB bias (~10mm/month) is also located over southeastern Tanzania. 
Nevertheless, these biases are comparable to those reported by previous studies over 
East Africa (Anyah & Semazzi, 2007; Endris et al., 2015; Otieno & Anyah, 2013a; 
Riddle & Cook, 2008; Shongwe et al., 2011). For example, Riddle and Cook (2008) 
found a precipitation bias of about 4 mm/day over Lake Victoria between the CRU and 
the PSU/NCAR Mesoscale model (MM5) and attributed it to lake-induced local 
convection processes. Similarly, Thiery et al. (2015) document a double simulation of 
precipitation intensity by the COSMO-CLM model over the major lake surfaces of East 
Africa; however, there was a negligible effect on the air surfaces around the lake. 
Nikulin et al. (2012) document an underestimation of ~3 mm/day of the CORDEX 
RCM ensemble precipitation over most parts of southern Tanzania in comparison to the 
GPCP JFM precipitation. This underestimation might be due to the improper 
positioning of the ITCZ by the RCM ensemble over this area (Nikulin et al., 2012). 
  
The model ensemble also gives a realistic annual cycle of the climate variables over the 
East African basins (Fig. 6.3). The models capture the annual cycle of TMAX and 
TMIN (Figs. 6.3 (a)– (c)), although they underestimate TMAX over all the basins and 
TMIN over the Rufiji and Tana River basins. The models’ means also capture the 
different rainfall regimes that dominate each basin. Similar to CRU, the ensemble mean 
shows the bimodal (over Tana and Juba, see Figs. 6.3 (f) and 6.3 (g)) and unimodal 
(over Rufiji see Fig. 6.3 (e)) rainfall systems. The East African rainfall regimes are 
generally associated with the north-south migration of the ITCZ, which reaches its most 
northerly location during the JAS season and its most southerly location during JFM 
(Lyon, 2014; Nikulin et al., 2012). Therefore, the basins close to the equator experience 
the ITCZ peaks twice, while those distant from the equator have only one peak. As 
expected, the ensemble rainfall biases are diverse and vary across the individual basins. 
The large ensemble spread of rainfall is over the Upper-Nile basin, compared to the rest 
of the basins. The failure of the models to capture the transition rainfall changes may 
be because this basin has the largest area coverage and cuts across different climate 
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zones; consequently, some part have a unimodal rainfall pattern (further north), while 
others have a bimodal pattern (further south) (Camberlin, 2009). Or it could be due to 
the model resolution (0.44deg) is still too coarse to resolve the Upper-Nile/Lake 
Victoria Basin spatial-temporal distribution of rainfall. Additionally, the lake-induced 
precipitation over the upper Nile basin could also be a factor, which causes rainfall to 
be continuous throughout the year and not bimodal. It can be noted that the ensemble 
mean consistently underestimates and overestimates the MAM and OND precipitation 
peaks, respectively. The ensemble also transforms almost similar biases from TMAX 
to PET and from precipitation to CWB. Endris et al. (2013) documented that the 
CORDEX RCMs generally simulate the precipitation seasonal mean and annual cycle 
quite accurately, although the individual models can exhibit significant biases in some 





Figure 6.3: The annual cycle of temperature (Tmax and Tmin(oC)), precipitation(mm/month), 
PET(mm/month) and CWB(mm/month) over the selected river basins (Rufiji, Tana, Juba and 
Upper-Nile basins) in the period 1971 to 2000, as depicted by CRU observation and CORDEX 
model ensemble. In the upper panes, the blue and red colours show TMIN and TMAX, 
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respectively; but in the middle panels, they indicate PRE and PET, respectively. The CRU data 
is presented in a dashed line and the mean of the ensemble is shown by the thick line. 
 
The ensemble mean simulates the extreme drought frequency at the range of the 
observation (Figs. 6.4 (a)–6.4 (b)) although its range is more confined. While the 
extreme frequency range of the ensemble simulation is between 0.4 and 0.8 
events/decade, the range of the CRU exceeds 1.2 events/decade and goes below 0.4 
events/decade (Fig. 6.4 (a)). The simulated narrow band of drought frequency can be 
due to the cancellation effects of the ensemble mean. In addition, the models 
overestimate the drought frequency (by > 0.2 events/decade) over Ethiopia, Kenya and 
central Tanzania and underestimate it (by < 0.2 events/decade) over the southern part 
of Lake Victoria and north-eastern Somalia. The performance of the models varies over 
the basins (Fig. 6.4 (g)). While more than 75% of the models overestimate the SPEI-
based severe drought frequency over the Rufiji, Juba and Upper-Nile basins, all of them 
underestimate it over the Tana basin. The model performance also varies with the 
drought indices. Although the correlation between the spatial distribution of simulated 
and observed SPEI drought frequency is better for SPEI (r = 0.07) than for SPI (r = -
0.003) (and the magnitude of the model biases is lower), the models generally perform 
better at the average value of the latter than the former over each basin. For instance, 
less than 75% of the models underestimate the observed SPI drought frequency over 
the Juba basin, while the median of the simulated values is almost the same as the 
observed values over the Rufiji and Upper-Nile basins. However, the spread of the 
drought frequency over each basin is higher for SPI than for SPEI. This is because SPEI 
incorporates the temperature factor, which the models capture more accurately, thus 
resulting in less biases as compared to the precipitation variable, which is the only 
parameter used in the SPI drought estimates. Moreover, Dosio and Panitz (2016) 
showed that the RCMs can have a better representation of temperature than of 
precipitation over East Africa, when compared to the corresponding observed data. 
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Figure 6.4: The frequency of severe 12-month droughts (SPEI and SPI) over East Africa 
(panels (a) – (f)) and over the selected river basins (Rufiji, Tana, Juba, and Upper-Nile) (panel 
(g)), as depicted by drought frequency for CRU and CORDEX RCMs for the period 1970 to 
2000. Panels (c) and (f) show the RCMs bias (RCMs - CRU). The boxplot shows the spread of 
the simulation ensemble. The location of the basins is shown in light blue. 
 
6.2 Drought projections 
6.2.1 Spatial distribution of droughts over East Africa  
The simulation ensemble mean projects an increase in SPEI drought intensity and 
severe drought frequency over the entire area of East Africa, but the magnitude of the 
projection varies across the region (Figs. 6.5 (a)–6.5 (d)). The SPEI drought intensity 
is projected to be more severe over South Sudan and Ethiopia than over the rest of the 
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region. For example, at GWL1.5, the increase in SPEI drought intensity is between -
0.3 to -0.8 over South Sudan and Ethiopia, but between -0.1 and -0.3 over the rest of 
the region. The least increase in SPEI drought intensity is projected along the equatorial 
and coastal areas. The spatial pattern of the increase in the SPEI severe drought 
frequency (Figs. 6.5 (i)–6.5 (l)) is similar to that of SPEI drought intensity. More 
frequent severe droughts (up to 1.5 events/decade) are projected over the northern and 
southern interior regions of East Africa, but the increase is lower over the equatorial 
and coastal regions. Higher temperatures, which increase the PET rate, will increase 
SPEI drought severity. Hence, the increase in the severity and frequency of the SPEI 
droughts over East Africa grows with increasing GWLs (Fig. 6.5). For example, the 
increase in SPEI drought intensity over the northern and southern part of East Africa 
escalates from -0.3 at GWL1.5 to -1.0 at GWL3.0. And the increase in the severe 
drought frequency over these areas also jumps from 1 event/decade at GWL1.5 to more 
than 2 events/decade at GWL3.0. However, the rate of increase in the drought intensity 
and frequency with increasing GWL is minimal along the coast, possibly because of 
the cooling and moistening influence of ocean currents along the coast. These results 
are consistent with those presented by Ozturk et al. (2018), who projected stronger 
warming and drying over the northern parts of East Africa. 
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Figure 6.5: Spatial distribution of the projected changes in 12-month SPEI and SPI drought 
intensity ((a)-(h)) and severe drought frequency (SDF) ((i)-(p)) over East Africa at different 
global warming levels (GWLs). The contours over SPEI represent the difference between other 
warming levels to GWL1.5 and those over SPI represent the difference between the SPEI minus 
SPI at the respective GWLs. The vertical stipple (|) indicates where at least 80% of the 
simulations agree on the sign of the changes, while the horizontal strip (–) indicates where at 
least 80% of the simulations agree that the projected change is statistically significant (at 99% 
confidence level). The cross (+) shows where both conditions are satisfied; hence the change 
is robust. 
 
In contrast to the findings using the SPEI, weak changes are projected for SPI droughts 
over the East African region (Figs. 6.5 (e)–(h), 6.5 (m)–(p)). For example, at GWL1.5, 
the projected changes in SPI drought over South Sudan and western Ethiopia range 
between 0 to -0.3 (compared to -0.3 to -0.8 in terms of the SPEI projections). Over the 
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same area, the projected increase in the SPI severe drought frequency is less than half 
of the SPEI projection. Also, the increase in GWL (i.e. from 1.5°C to 3.0°C) produces 
weaker changes in the SPI drought intensity than when using the SPEI. Furthermore, 
unlike the SPEI projection, the SPI projection indicates that the increase in GWL 
encourages drier conditions in some parts of East Africa and wetter conditions in other 
parts. For example, the increase in GWL from 1.5°C to 3.0°C changes the SPEI from 0 
to 0.5 (i.e. inducing wetter conditions) over the coastal and equatorial areas.  
 
A comparison of the SPEI and SPI drought projections clearly shows the contribution 
of PET to the projected changes in the drought characteristics over this region. For 
example, the increase in drought intensity (and frequency) over the north-western areas 
of East Africa can be attributed to both lower precipitation and higher PET. However, 
the magnitude of the increase in SPEI drought intensity and frequency is higher than 
that of the SPI, which suggests that the higher PET contributes more than the decrease 
in precipitation. In contrast, the increase in SPEI drought intensity (and frequency) over 
the coast and the equatorial region is due to the higher PET, because the changes in SPI 
suggest wetter conditions. The increase in PET thus plays a crucial role in the enhanced 
drought intensity (frequency) over the entire East African region, and the role becomes 
even more important as the GWLs increase. The SPEI and SPI drought intensity and 
frequency at 3-month scale for season DJF, MAM, JJA and SON are presented in 
supplementary material. 
 
The SOM classification of the projected SPEI and SPI patterns (Fig. 6.6) reveals various 
patterns of projected changes in drought intensity from the simulations. According to 
the classification, the edge nodes (Nodes 1, 4, 9 and 12) show the most extreme four 
patterns, while the other nodes provide smooth transitions between the extreme nodes. 
Node 1 shows an increase in drought intensity (i.e. more negative drought index; > 1.4) 
over the entire East African region, with the least increase (about -0.2) along the coast. 
This pattern comes from the SPEI projections; the number of simulations that support 
the pattern increases with increasing GWLs. The pattern of Node 9 is similar to that of 
Node 1, except that Node 9 indicates there is no change in drought intensity near the 
equator (± 4° latitude) and along the coast. However, the Node 9 pattern is also from 
the SPEI projections, and more simulations agree on the occurrence of this pattern at 
GWL3.0 than at GWL1.5. In contrast to Node 1, Node 12 shows an increase in wet 
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conditions (i.e. more positive drought index; up to 1.4) over most parts of East Africa, 
except over a small area in the north-western part of the domain, where an increase in 
drought intensity (< 0.4) is projected. This pattern is from the SPI projections and its 
occurrence is more robust at GWL3.0 than at GWL1.5. The other extreme condition is 
illustrated by Node 4, which indicates a weak change to no change in drought intensity 
(< 0.2) over the entire East African region. While only one simulation (i.e. d4: RACMO 
forced by EC-EARTH-r1) suggest this pattern in the SPEI projection at all the warming 
levels, four simulations suggest it for the SPI projection. Hence, the SOM results 
provide additional information that was obscured in the ensemble mean projection, 
shown in Fig. 6.5. For instance, it reveals the possibility of wetter conditions near the 
equator in SPEI projections (Node 11) and shows the chance of having weak or no 
change in the drought intensity over most parts of East Africa (i.e. Nodes 3, 4, 7 and 8; 
accounting for 32% of the projections).  
 
The results of the SOM distribution for drought frequency projection (Fig. 6.7) are 
similar to those relating to drought intensity (Fig. 6.6). For both drought intensity and 
frequency projections, most simulations clearly distinguish between SPEI and SPI 
projections (Figs. 6.6 (b) and 6.7(b)). There are only two cases where a simulation does 
not show the differences. The first case is for a drought intensity projection (Fig. 6.7 
(b)), where a simulation (d4: RACMO forced by EC-EARTH-r1) features the same 
pattern (Node 4) for both SPEI and SPI at GWL2.5. The other case is for a drought 
frequency projection, where another simulation (d4: HIRLAM forced by EC-EARTH-
r3) indicates the same pattern (Node 4) for both drought indices at all the GWLs. 
However, the level of the difference between the SPEI and SPI projections is depicted 
more accurately in SOM classifications than in the ensemble mean. 
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Figure 6.6: Self Organizing Map (SOM) classification for (a) projected SPEI and SPI drought 
intensity at different warming levels (b) GCMs and RCMs responsible for the SOM nodes in 
panel (a) at each warming level. The first letter in the naming of the models represent the global 
model, while the second letter represents the regional model. 
 
CHAPTER 6 





Figure 6.7: The same as Figure 6.6 but for SPEI and SPI drought frequency. 
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6.2.2 Projected changes in drought characteristics over the river basins 
The magnitude and robustness (i.e. the agreement between the simulations) of the 
drought projections over the river basins depend on the drought indices and vary with 
increasing GWLs (Fig. 6.8). For example, over the Rufiji basin (Fig. 6.8 (a)), the 
simulation ensemble projects a decrease in SPEI (drying) but an increase in SPI 
(wetting). However, the magnitude and the robustness of the SPEI projection (i.e. 
agreement) increases with the GWLs, whereas those of the SPI projections do not vary 
with increasing GWLs. While less than 75% of the simulations agree on the decreased 
SPEI at GWL1.5, more than 75% agree on it at GWL3.0; in contrast, less than 75% of 
the simulations agree on the increase in SPI projection at all GWLs. The same is true 
for drought frequency (Fig. 6.8 (e)), for which the ensemble mean projects an increase 
in SPEI and a decrease in SPI. The drought projections over other basins are similar to 
that of Rufiji, but the magnitude and robustness of the projections are higher over some 
basins. For instance, the increase in SPEI drought severity and frequency are higher 
over the Juba and Upper-Nile basins, and more than 75% of the simulations agree on 
the increase at the various GWLs. In addition, the magnitude and robustness of the SPI 
projections are higher over the Tana and Juba basins than over Rufiji, especially at 
GWL2.0 and GWL2.5. Nevertheless, the distinction between the SPEI and SPI 
projections over all the basins is clear. Over all the basins, the magnitude and robustness 
of the SPEI drought projections are higher than those of the SPI, suggesting that the 
projected increase in PET due to global warming may enhance the severity and 
frequency of future droughts. Hence, using SPI alone to project the characteristics of 
droughts over these basins may underestimate their severity and frequency. The model 
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Figure 6.8: Projected changes in SPEI and SPI drought intensity ((a)-(d)) and severe drought 
frequency ((e)-(h)) over East African river basins at different warming levels (GWL1.5, 
GWL2.0, GWL2.5 and GWL3.0) under the RCP8.5 scenario. The corresponding results for the 
RCP4.5 scenario are indicated with dots where the data are available. 
 
Based on the differences between the SPEI and SPI projections, two major suggestions 
can be made on combating future drought risks. Firstly, the greater robustness of the 
SPEI in characterising drought increases the evidence of future drought risks, but it also 
makes it possible to lower these impacts by considering some adaptation strategies. 
Secondly, the higher SPI drought projections over some of the basins suggest that the 
drought risks can hardly be avoided, because the mitigation measures to combat SPI 
drought risks are generally ineffective at the basin scale. In addition, when comparing 
the projections of the two drought indices, it is generally shown that increased 
evapotranspiration rather than reduced precipitation is the major reason for the higher 
future drought severity. It can be argued, therefore, that effective management practices 
to lower evapotranspiration intensities will be able to reduce future drought risks over 
the East African river basins. Effective management practices include well-organised 
land use and/or land cover changes that can reduce the amount of water loss through 
evaporation. Several researchers have proposed this method as the best practice to 
control drought severity, but it does require prior knowledge to understand what land 
use and/or land cover change would be the most suitable for the respective basins. For 
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example, the study of Githui et al. (2009) over the Nzoia catchment area in Kenya has 
shown decreasing evapotranspiration from the basin when changing the vegetation 
from tall trees to annual crops. Mango et al. (2011) documented the likelihood of 
decreasing dry season river flows and increasing peak flows when converting the 
natural forest to agriculture and grassland. Therefore, the drought projections above 
provide a solid basis for developing policy and strategy to reduce drought impacts over 
East African river basins in the future; it also calls for better preparations to be made to 
improve resilience and develop adaptive options to manage drought risks. 
 
6.3 Summary 
The study has examined the impacts of specific GWLs on the characteristics of future 
droughts in the East African region, with a focus on four river basins. To identify and 
quantify the role of PET on the drought projections, we used two drought indices (SPEI 
and SPI) to characterise droughts. Twenty RCM simulations using CORDEX were 
analysed at four GWLs: GWL1.5, GWL2.0, GWL2.5 and GWL3.0. The performance 
of the simulations in reproducing East African climate was evaluated by comparing the 
observed and simulated climate variables for the reference period (1971–2000). The 
projected changes induced by each GWL were quantified using the difference between 
the climatic condition for the GWL period and the reference period (i.e. GWL minus 
reference). Moreover, SOM analysis was employed to classify the projected changes in 
drought intensity and frequency into 12 groups based on their similarities. Our findings 
can be summarised below: 
 
● The CORDEX simulation ensemble gives reliable simulations of climate 
variables over East Africa, although the models struggle to reproduce the 
observed spatial variations of severe drought frequency over the region. The 
ensemble mean reproduces the observed annual cycle of the climate variables 
over the basins but underestimates the temperatures (maximum and minimum) 
in all seasons. Similarly, while the simulations underestimate rainfall in some 
months (January–June), they overestimate it in other months (September–
December).  
● The simulation ensemble mean projects an increase in the intensity and 
frequency of SPEI droughts over most parts of East Africa, but with a smaller 
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increase near the equator and along the coast. The magnitude of the increase 
grows with increasing GWLs.  
● Contrarily, at all GWLs, the ensemble mean projects weak changes in the 
intensity and frequency of SPI droughts over the entire East African region, 
featuring weak wetting near the equator and weak drying along the coast. 
● The SOM classifications of the SPEI and SPI projections reveal that 90% of the 
simulations correctly distinguish between the SPEI and SPI projection patterns 
over East Africa. While some SOM nodes feature a substantial decrease in SPEI 
(drying) over the whole region, some nodes indicate an increase in SPI (wetting) 
over the entire region. 
● The drought projections (intensity and frequency) over the basins are more 
robust with the SPEI than with the SPI. However, the magnitude and robustness 
of the SPEI projections are more pronounced over the Upper-Nile and Juba 
basins than over the Rufiji and Tana basins. 
 
These results can be improved and applied to manage future drought risks throughout 
East Africa in many ways. Firstly, the quality of the projections can be improved with 
higher resolution (5–20 km) simulations that capture the interactions between the 
synoptic-scale features and the local-scale circulations better. This could reduce the 
model biases and improve the agreement among the models. Such high-resolution 
simulations are in fact the target of the second phase of CORDEX (Somot et al., 2018). 
Alternatively, the CORDEX simulations could be bias corrected by incorporating a 
relevant parameterisation scheme that can simulate more accurately the climate 
conditions of the region. Secondly, the climate drought projections can be translated to 
hydrological drought projections using hydrological models. Extending these 
projections to quantify the potential changes in hydrological water yields (e.g. 
streamflow, dam levels, soil moisture, and underground water levels) would give results 
that are more relevant for water resource management. Lastly, a series of land use 
change sensitivity experiments with hydrological models such as the Soil and Water 
Assessment Tool (SWAT) (Arnold et al., 2012) could help to identify the most 
appropriate land use change for mitigating future droughts by reducing the gaps 
between SPEI and SPI drought projections over the basins. The results of such 
sensitivity studies would be valuable to local and regional policymakers. However, the 
present study has also shown that using only rainfall to quantify future droughts in East 
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Africa may underestimate the severity of such droughts, and that the incorporation of 
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Chapter 7 
Potential impacts of climate change and land cover change 
on hydrological droughts in Rufiji Basin, Tanzania 
 
This chapter presents and discusses the results of the potential impacts of climate 
change and land use change on water availability in the Rufiji River basin in Tanzania, 
with an emphasis on hydrological droughts over the basin. The results are presented 
and discussed in four parts. The first part shows how well the GMFD reanalysis 
represents the annual cycles of climate variables over the Rufiji basin, using the 
available gauged records. The second section presents the results of the calibration and 
evaluation of the SWAT model using GMFD climate data as input to the SWAT model. 
The third section evaluates the performance of the CORDEX simulation dataset with 
reference to the GMFD reanalysis and shows how bias correction improves the 
simulation datasets. The fourth and final section shows the response of hydrological 
drought to LULC and climate changes. The projections, which are based on the RCP 
8.5 future climate scenario, are discussed at four specific GWLs 1.5°C, 2.0°C, 2.5°C 
and 3.0°C.  
  
7.1 A comparison of GMFD with station observations 
There is a good agreement between the GMFD reanalysis and the station observation 
datasets (Fig. 7.1). Over most stations, the two datasets agree on the annual cycles of 
the climate variables (precipitation, temperature, and wind). For example, they agree 
that the annual cycle of rainfall is bimodal at Morogoromet (Fig. 7.1 (m)) and unimodal 
at other stations. The bimodal rainfall pattern at Morogoromet is caused by the passage 
of the ITCZ over the station twice (following the changes in hemispheric warming), 
while one long rainfall season over other stations (located further south of the basin) is 
because those stations fall within the area of the maximum southward position of the 
ITCZ (Kijazi & Reason, 2012; Nicholson, 1996; Fig. 1.6). Both datasets show that, at 
Morogoromet, the rainfall is about 6 mm/day-1 during the long rainfall season (MAM) 
and about 4 mm/day-1 during the short rainfall season (OND) and that, at the other 
stations, the rainfall season extends from November to April. They also agree that the 
Rufiji basin experiences the warmest conditions in DJF and the coldest conditions in 
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JJA. During OND, the Rufiji basin receives its maximum solar radiation, while during 
AMJ the insolation is weakest. Therefore, the hot and cold seasons are delayed for at 
least a month and they extend one extra month. The seasonal variation of wind is also 
well captured at Iringamet (Fig. 7.1 (s)). Despite such agreement, however, there are 
notable differences between the reanalysis and station observations (Fig. 7.1). For 
instance, while the reanalysis overestimates the rainfall at some stations (e.g. Mtandika 
(Fig. 7.1 (i)) and Mtera (Fig. 7.1 (j)), it underestimates it at other stations. The largest 
rainfall bias in the reanalysis occurs at Mtandika, where the reanalysis overestimates 
the rainfall by up to 4 mm per day in FMA. The least bias occurs over Morogoromet 
and Iringamet (Fig. 7.1 (d)), where the bias is less than 1 mm/day throughout the year. 
The reanalysis generally overestimates the temperature over the basin, but the 
magnitude of the bias is higher at Iringamet (Fig. 7.1 (p)) and Mbeyamet (Fig. 7.1 (q)) 
(up to 5oC for Tmax) than at Morogoromet (Fig. 7.1 (r)). The temperature differences 
could be because Iringamet and Mbeyamet are located at a higher altitude, i.e. 1369 m 
and 1715 m above sea level respectively, as compared to Morogoromet (503 m); 
consequently, stations in colder climates experience large temperature deviation from 
the reanalysis dataset, while the stations in warm climates have relatively less deviation.  
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Figure 7.1: A comparison of GMFD and the observed annual cycle of climate variables over 
some meteorological stations in the Rufiji River basin. 
 
7.2 Calibration and validation of SWAT model 
The simulation setup of the SWAT model using the 2010 land use map and the GMFD 
climate data were used to calibrate and validate the streamflow in the Rufiji river basin. 
Fig. 7.2, which presents the simulated and observed streamflow during the SWAT 
CHAPTER 7 
Page | 110 
 
calibration period (1976–1980) and validation period (1995–1999), shows that the 
calibration improves the quality of the simulations. In 1976–1980, the calibration 
increases R2 from 0.80 to 0.82 and NSE from 0.30 to 0.73, and, in 1995–1999, it 
increases R2 from 0.49 to 0.61 and NSE from 0.14 to 0.31. According to Moriasi et al. 
(2007), our NSE and R2 perform very well for the calibration period, but poorly during 
the validation period. The lower performance of the calibrated SWAT in 1995–1999 
than in 1995–1999 could be due to the characteristics of the observed streamflow used 
for calibrating the model (in 1995–1999) differ from those of 1995–1999. Unlike the 
validation phase, where the observed streamflow is underestimated in some years (e.g. 
1996) and overestimated in others (e.g. 1997), in the calibration period, the observed 
streamflow was underestimated during the peak months throughout the time period. 
The inconsistency between simulated and observed streamflow may thus be due to the 
limitation of the curve number method used in the SWAT model, as this considers the 
average daily rainfall depth instead of intensity and duration (Nie et al., 2011). 
Generally, however, the calibration processes added value to the model output, 
although we were unable to improve it further to the level where it would be much more 
precise, as observed in the validation period. The SWAT model thus simulated by using 
the calibrated parameters was applied to evaluate the hydrological drought projections 




Figure 7.2: A comparison of simulated and observed station stream flow during (a) calibration 
and (b) validation periods. 
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7.3 Climate model evaluation and impacts of bias correction 
In this section, we evaluate the ensemble model’s performance by comparing the results 
with the reanalysis data over the Rufiji basin. The evaluation is done for 1971 to 2000, 
which is hereafter referred to as the reference period. The comparison between the raw 
ensemble and the bias corrected ensemble is also presented, so as to see the 
improvement of the ensemble after bias correction. The variables considered for 
evaluation are grouped into two sections: (a) Climate parameters that are the input to 
the SWAT model (e.g. solar radiation, temperature, and precipitation), and (b) 
Hydrological parameters that are the output from the SWAT (e.g. potential 
evapotranspiration (PET), evapotranspiration (ET), soil water (SW), percolation (PER), 
surface runoff (SF), water yield (WYLD), and flow out (FLOWOUT 
 
The original CORDEX simulations with their ensemble mean reproduce well the 
seasonality of climate variables over the Rufiji basin (Fig. 7.3 (a)-(e)). In good 
agreement with the reanalysis, the ensemble simulation reproduces the dry, wet, cold 
and hot seasons over this region. It simulated the minimum solar radiation in MAM and 
the maximum in SO (Fig. 7.3 (a)). The coldest season of June-July and the warmest 
season of NDJF are also well presented (Fig. 7.3 (b), (c), (d)). With regard to 
precipitation, the ensemble shows a peak in the rainy months of NDJFM and the driest 
months in JJASO (Fig. 7.3 (e)). This shows that the ensemble captures the larger scale 
systems such as the ITCZ that control the major precipitation season over this region. 
Nevertheless, there are notable biases in the ensemble in representing the season’s 
climate parameters. For example, the ensemble temperature (min, max and average 
temperatures) are shown to be lower than the reanalysis by ~2oC through the seasons. 
The ensemble underestimation of temperature could also affect the projections by 
delaying the time at which the GWL increases. The solar insolation is overestimated by 
~ 10-30MJM-2D-1. As was the case with regard to the precipitation, the ensemble 
generally underestimates the rainfall in JFMAM (~ 30mm/day) and overestimates it in 
ND (~10mm/day). The seasonality of the hydrological variables is also well captured 
by the ensembles (Fig. 7.3 (f)- (q)), especially for variables PET, ET, SF, and WYLD. 
However, the ensemble underestimates SW during March-September and 
overestimates it in November-February. With regard to the stream flow, the ensemble 
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generally overestimates the intensity throughout the year, in particular during 
November-March, which is the season of high rainfall. 
 
 
Figure 7.3: A comparison of SWAT variables climatology (1971-2000) for Reanalysis (GMFD) 
and non-biased corrected CORDEX models averaged over the entire Rufiji basin. 
 
The ensemble mean captures some parts of the complex spatial structure of the 
climatology of both climate and hydrological variables over the basin (Figs. 7.5 – 7.8 
of GMFD and CONTROL). For example, the variables SW, PER and WYLD are well 
represented, especially in the northern parts of the basin. Biases are however noticeable 
for most parts of the basin and for almost all parameters involved. While some variables 
are underestimated, e.g. solar radiation, others are overestimated, e.g. temperature. The 
ensembles moreover overestimate the spatial climatology mostly in the southern part 
of the basin, while underestimating it in the central part of the basin.  
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The results from this analysis indicate that the bias correction method QDM decreases 
the bias of the climate models for all the climate and hydrological variables. The bias 
ensemble clearly shows improvement in presenting the seasonal intensity (Fig. 7.4) as 
well as spatial climatology (Figs. 7.5-7.8 of GFMD and QDM) over the Rufiji basin. 
For example, the bias in temperature has clearly removed for both seasonal (Fig. 7.4 (b), 
(c), (d)) and spatial (Fig. 7.5 (j), (o), (t)) estimates. However, the bias method in some 
cases slightly underestimates the parameters (e.g. Fig. 7.4 (a), (o), (p), and (q)), while 
overestimating it in other cases (Fig. 7.5 (e), Fig. 7.6 (j)). And in some instances, the 
difference between the bias and control ensembles is negligible. For example, the 
seasonal climatology of precipitation (Fig. 7.4 (e)) and evapotranspiration (Fig 7.4 (g)) 




Figure 7.4: The same as Fig. 7.3 but for GMFD and bias corrected CORDEX models. 
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Figure 7.5: Climate variables (i. e solar radiation: SLR; temperature: Tmax, Tmin and Tmean) 
comparison between reanalysis (GMFD), unbiased corrected ensemble (CONTROL), and 
biased corrected ensemble (QDM) over the Rufiji basin for 1971-2000. BIAS-CONTROL and 








Figure 7.6: The same as Fig. 7.5 but for precipitation (PRE), potential evapotranspiration 
(PET), evapotranspiration (ET) and soil water (SW). 
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Figure 7.7: The same as Fig. 7.5 but for soil water at 300 (SW300), percolation (PER), surface 








Figure 7.8: The same as Fig. 7.5 but for channel evapotranspiration (CET), flowout, flowin 
and channel precipitation (CPRE). 
 
7.4 Impact of global warming increase on hydrological variables 
and hydrological drought 
Figs. 7.9, 7.10, and 7.11 show the effect of global warming level increases in RRB for 
selected climate and hydrological variables under the LULC of 2010. The ensemble 
mean shows an increase in the mean temperature ranging from 1oC at GWL1.5 to ~3oC 
at GWL3.0; in the western parts of the basin, it increases by more than 3oC. The 
projected increase in PET ranges from ~1mm to greater than 6mm at GWL3.0. For 
variable solar radiation, the change is towards increasing only in the central and 
southern parts of the basin, although in the rest of the basin, solar radiation is projected 
to decrease from ~ -2 to -5. Precipitation is also projected to increase in most parts of 
the basin by approximately 1mm between GWL1.5 to 2.0, but not much changes from 
GWL2.0 to 3.0. The ensemble mean projected an increase in evapotranspiration 
throughout the basin, although it is more pronounced in the northern part of the basin 
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than in the southern part. In the north, ET increases by ~4mm at GWL3.0. The changes 
in the soil water are not homogeneous either: in the north, the ensemble projects no 
changes in soil water with increasing GWL, but over the central part, there is a decrease 
in soil water, especially from GWL1.5 to 2.0, and no changes at GWL2.5 and 3.0. As 
for percolation and surface runoff, no changes are projected at different GWLs in the 
basin; for water yield and flow out, the decreasing condition is projected only in the 
central part of the basin and no noticeable differences occur elsewhere. Therefore, in 
RRB, the impact of an increase in global warming appears not to have much effect on 
the hydrology system, except for evapotranspiration, which is mostly controlled by 




 Figure 7.9: Climate variables (i.e. solar radiation: SLR; temperature: Tmean; precipitation: 
PRE; potential evapotranspiration: PET) for bias corrected ensemble at different global 
warming levels (GWL1.5, GWL2.0, GWL2.5,GWL3.0) over the Rufiji basin. 
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Figure 7.10: The same as Fig.7.9 but for evapotranspiration (ET), soil water (SW), soil water 









Figure 7.11: The same as Fig.7.9 but for surface runoff (SF), water yield (WYLD), channel 
evapotranspiration (CET), flow out, flow in and channel precipitation (CPRE). 
 
Fig. 7.12 shows the effect of the various global warming levels on hydro meteorological 
drought indices (SPEI and SPI), soil water index (SWI), surface runoff index (RFI), 
water yield index (WYI) and channel flowout index (SFI) in RRB (under the LULC of 
2010). The ensemble mean shows an increase of SPEI drought intensity from 0.3 to 0.8 
for GWL1.5 and 3.0, respectively. But for SPI, the drought intensity change with 
increasing GWLs is unnoticeable. With regard to drought frequency, SPEI also shows 
an increase as the GWLs increase, whereas the SPI projections show no changes in 
drought frequency. This result is similar to that of Nguvava et al. (2019), reported in 
the previous chapter. Over the RRB the drought intensity and frequency are projected 
to increase at higher warming levels under SPEI, but no changes are projected over the 
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basin under SPI. While the ensemble mean does project an increase in 
evapotranspiration, which intensifies the SPEI drought intensity and frequency, the 
ensemble mean also projects some wetter conditions in most parts of the basin and 
therefore no changes in SPI drought intensity and frequency, because SPI is the product 
of precipitation alone (Fig. 7.9). 
 
With regard to the hydrological drought index SWI, the drought intensity and frequency 
show no changes, as the ensemble mean at different GWL remains at zero. This means 
that the projection of SWI intensity and frequency over the RRB does not show any 
changes at increasing GWLs. The ensemble mean projection of RFI shows some 
increase in drought intensity, especially from GWL1.5 (intensity ~0.1) to GWL2.5 
(intensity ~ 0.3), but a slight decrease at GWL3.0 (intensity ~0.2). RFI drought 
frequency is however projected to decrease with increasing GWLs. At GWL1.5 the RFI 
frequency is ~20 events/decade but at GWL3.0 the frequency is ~8events/decade. In 
the RFI, the intensification of drought intensity corresponds to a reduction in drought 
frequency. Similar projections as RFI are also shown for index SFI, although the 
intensity and frequency of SFI is less than that of RFI. As for WYI, the ensemble mean 
projects a decrease in both drought frequency and intensity as GWL increases. For 
example, at GWL1.5 WYI drought intensity is ~0.1 but at GWL3.0 it is ~0; its 
frequency is ~ 8 events/decade at GWL1.5 and less than 0 events/decade at GWL3.0. 
 
Therefore, over RRB, while the projected increases in GWL may intensify SPEI 
drought (i.e. leading to higher intensity and frequency) and river flow drought (RFI and 
SFI), it may reduce the intensity of SPI, SWI and WYI drought. Increasing SPEI 
intensity and frequency could be because of higher PET rates projected in RRB (Fig. 
7.9 (m)-(p)). Likewise, with regard to river flow drought, Fig. 7.11 (i)-(l) shows higher 
channel evapotranspiration projected with increasing GWL, which may contribute to 
increasing drought intensity and frequency for these variables. The decreasing drought 
projections for SPI, SWI and WYI could be because these drought variables are mostly 
affected by the precipitation factor, which is projected to increase with GWL in some 








Figure 7.12: Projected changes in hydro meteorological (i.e. SPEI; SPI; soil water index: SWI; 
surface runoff index: RFI; water yield index: WYI; channel flowout index: SFI) drought 
intensity (a) and severe drought frequency (b) over the Rufiji River basin at different warming 
levels (GWL1.5, GWL2.0, GWL2.5 and GWL3.0) under the RCP8.5 scenario using 2010 land 
use cover maps.  
 
7.5 Response of hydrological variables and hydrological drought to 
LULC 
Figs. 7.13 and 7.14 show the variations of different hydrological variables, i.e. 
evapotranspiration, soil water, percolation, surface runoff, water yield and flow out on 
the spatial scale between the different land use scenarios. Among the four land uses 
proposed, the projection of all hydrological variables is more pronounced (for both 
increase and decrease intensity) with increased forestry land use but for other land uses, 
the changes were minimal and sometimes no changes were observed. Under forestry, 
evapotranspiration increases in the northern half of the basin and decreases in the 
southern half. This could be caused by the higher PET demand shown in the northern 
part as compared to the southern part of the basin (Fig. 7.6 (h); forestry increases the 
transportation of deep water to the atmosphere from the deep roots of woody plants and 
ensures that the demand of the atmosphere is achieved. For other land uses 
evapotranspiration does show changes but the magnitude of these changes is lower than 
forestry. With soil water, forestry shows an increasing capability of the land to retain 
water by more than 0.5mm but agriculture, cropland grassland and shrubland generally 
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show a decreasing condition, especially in the south-central part of the basin. Forests 
retain surface soil moisture because woody plants, unlike shrubs and small vegetation, 
do not use surface water for evaporation because of their deep roots; in contrast, small 
plants do use surface water because of their shallow roots and because there is not 
enough shade to avoid direct soil water loss by evaporation. This is also confirmed by 
Fig. 7.13 (j), where deep soil water (i.e. SW300) is shown to decrease under forestry, 
although there is no change shown for agriculture, cropland grassland and shrub. The 
change in percolation is also noticeable with forestry land use: percolation increases by 
~0.3mm with increasing forestry, mostly in the southern part of the basin. In contrast, 
surface runoff and water yield generally decrease with forestry cover, by ~0.5mm. 
Other land uses do not show any changes on surface runoff and water yield. Those areas 
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Figure 7.13: Hydrological variables (i.e. evapotranspiration: ET; soil water: SW; soil water 
at 300 m: SW300; percolation: PERC) for land uses agriculture, forestry, cropland grassland 




Figure 7.14: The same as Fig. 7.12 but for surface runoff (SF), water yield (WYLD), channel 
evapotranspiration (CET) and flowout (FLOWOUT). 
 
The contribution of higher surface runoff, high water yield, high soil water and flow 
out from the basin throughout the year is important for the ecosystem, which relies on 
the good functioning of the river basin, such as plants, wildlife and humans. However, 
the large expansion of agricultural activities alone might not improve the hydrological 
system of the RRB, nor will they be sustainable. This is similar to what is projected to 
happen when shrubs and cropland grassland expand. In the RRB, afforestation should 
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also be considered with caution, as it may have both positive and negative 
consequences. For example, afforestation increases soil moisture in all parts of the 
basin, which is a good outcome for the ecosystem. It also increases percolation, which 
then may insure the contribution of groundwater fluxes for longer periods of the year. 
Nevertheless, afforestation decreases evapotranspiration only in some parts of the 
basin, while increasing it in other parts. It also decreases the existence of deep soil water 
because the roots of trees are able to penetrate deeper into the soil, thus increasing 
evapotranspiration. In this scenario, the species of trees to be planted should be 
carefully considered, as they may not consume too much of the deep water systems. 
Also, afforestation decreases surface runoff and water yields in some parts of the basin, 
while increasing it in other places. In other words, the south-eastern part of the basin 
shows a much clearer benefit of increasing forest plantations than the northern part of 
the basin, and thus afforestation should be site specific and not implemented throughout 
the whole basin.  
 
A comparison of the impact of different land uses at GWL2.0 on hydrological drought 
shows that changing the land use of the RRB to forestry and shrub rather than to 
agriculture and cropland grassland will have a significant impact (Fig. 7.15 (a), (b)). 
Some land uses show a great impact on both the intensity and frequency of the 
hydrological drought indices. For example, the results show that afforestation of the 
RRB increases SWI intensity to ~0.2 and frequency to ~50 events/decade. This could 
mean that forestry increases evapotranspiration at higher warming levels because the 
moisture atmospheric demand over this region also increases at higher temperatures 
(Fig. 7.9 (m)-(p)). Greater evapotranspiration means more depletion of soil water in the 
basin, thus leading to a higher soil water drought intensity and frequency at higher 
GWLs. There is evidence that the soil water projection in the RRB will decrease more 
with increasing warming levels, when looking at the deep soil layer (Fig.7.10(i)-(l)) 
than when looking only at the surface layer (Fig. 7.10(e)-(h)). It could also affect RFI, 
WYI and SFI drought indices, although the effects are less than that of SWI. Such 
higher impacts in terms of the SWI might be due to the weak horizontal movement of 
soil water as compared to river flow and water yield. Therefore, vegetation has a higher 
chance to utilise soil water for evaporation than do non-stationary sources, i.e. river 
flow and water yield. For the land uses of agriculture and cropland grassland, no 
changes in drought intensity and frequency were simulated for both indices SWI and 
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RFI. Both agriculture (in this case seasonal crops) and cropland grassland are 
characterised by biodiversity of small vegetation with little or no woody properties and 
with shallow roots. This can be further described as vegetation with little 
evapotranspiration capabilities for both soil and runoff water, as shown in Fig. 7.13 (a) 
and (c). Given that precipitation is projected to increase in the future, these types of 
vegetation therefore balance the supply and demand of water and ensure that SWI and 
SFI will not change in the future. Converting the RRB land uses to shrubland will 
mostly affect RFI, where the intensity will be ~0.1 and the frequency ~50events/decade. 
Shrublands are short and woody plants with many branches, and usually with many 
stems and medium roots (longer roots than seasonal plants but shorter roots than forest 
trees). Therefore, such plants will have more access to extract streamflow water than 
agriculture and cropland grassland vegetation (Fig. 7.13 (a), (c), (d)), and will increase 
river flow drought intensity and frequency in the future. For WYI and SFI, shrubland 
shows a greater impact to drought frequency than intensity. This could be because 
shrublands do not have a direct impact on water yield and channel flow out, but by 
increasing the drought frequency of the river flow it would also decrease total water 
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Figure 7.15: Projected changes in hydrological (i.e. soil water index: SWI; surface runoff 
index: RFI; water yield index: WYI; channel flowout index: SFI) drought intensity (a) and 
severe drought frequency (b) over the Rufiji river basin under different land uses (Agriculture, 
Forestry, Cropland Grassland and shrub) at GWL2.0 under the RCP8.5 scenario. 
 
The drought intensity and frequency of hydrological drought increases at higher 
GWL3.0 (Fig. 7.16 (a), (b)) but mostly for the land uses that show an impact at 
GWL2.0. For example, with land use forestry, SWI intensity increased by ~0.05, but 
its frequency does not show much difference between GWL2.0 and GWL3.0. With 
regard to the RFI, forestry does not show any differences between the two warming 
levels, but for WYI and SFI, the frequency seems to increase slightly at higher GWL, 
while its intensity does not change. As for shrub, the changes are noticeable for RFI 




Figure 7.16: The same as Fig. 7.15 but for GWL3.0 
 
Based on the drought projections over the RRB, different suggestions can be made with 
regard to the future of the basin. Firstly, future drought conditions are mostly evidenced 
CHAPTER 7 
Page | 128 
 
by SPEI meteorological drought whereas hydrological drought does not pose a robust 
threat over this basin. Under higher warming levels, even at GWL3.0, the hydrological 
droughts considered in this study do not appear to be influenced significantly. This 
could be because the hydrological droughts over the RRB are mostly affected by 
changes in rainfall, of which the ensemble mean is projected to increase in most parts 
of the basin. Therefore, the likelihood of higher precipitation in the RRB also poses no 
threat to hydrological drought at higher GWL. Secondly, hydrological drought over the 
RRB is only affected by certain land uses and land cover changes. Having higher 
projections of hydrological drought intensity and frequency under the forestry land use 
shows that, over the RRB, hydrological drought mitigation should be considered with 
caution, especially when considering planting trees as a measure to combat drought. 
Also, planting shrubs in the basin can also pose some threats, although not as significant 
as forestry land cover. Finally, we can also make some suggestions when considering 
changing the land cover to agriculture and cropland grassland. Although these land uses 
are projected to pose no threat to the basin in terms of hydrological drought, it is always 
important to investigate further before using these as drought mitigation measures, 
because, for example, the type of agriculture practice can create some drawbacks under 
the drought conditions of the basin.  
 
7.6 Summary 
This study has examined the impacts of climate change and land use land cover changes 
on future hydrological droughts in the Rufiji River Basin. The SWAT hydrological 
model was used to generate the relevant hydrological variables, namely, PET, ET, SW, 
PER, SF, WYLD and FLOWOUT. The impacts of climate change were analysed at 
four GWLs: GWL1.5, GWL2.0, GWL2.5 and GWL3.0, and four different land uses 
were considered: agriculture, forestry, cropland grassland and shrubs. Our analysis also 
considered four types of hydrological drought indices: soil water index (SWI), surface 
runoff index (RFI), water yield index (WYI), and channel flowout index (SFI). 
However, we have also incorporated meteorological drought indexes SPEI and SPI to 
enable us to make comparisons with the hydrological droughts. To quantify the 
hydrological drought projections, we used seven RCM simulations from CORDEX. 
The comparison between the raw ensemble and the bias corrected ensemble was also 
presented so as to see how the ensemble was improved after bias correction. The 
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performance of the simulations in reproducing RRB climate was evaluated by 
comparing the observed and simulated climate and hydrological variables for the 
reference period (1971–2000) with the land use map of 2010. The projected changes 
induced by each GWL were quantified using the difference between the climatic and 
hydrological conditions for the GWL period and the reference period (i.e. GWL minus 
reference) with land use map of 2010. Moreover, boxplot analysis was employed to 
quantify the projected changes in hydrological drought intensity and frequency at 
different GWLs (using the land use map of 2010) as well as different land uses (using 
GWL2.0 and GWL3.0). Our findings can be summarised below: 
 
● There is a good agreement between the reanalysis dataset used (GMFD) and the 
station observation datasets over most stations considered in the study. The 
reanalysis dataset GMFD is therefore a reasonable dataset to be used to 
represent the observed data in RRB. 
●  The SWAT calibration and validation process shows that the calibration 
improves the quality of the simulations. Using the statistical tool NSE and the 
correlation between the observed stream flow and the simulated stream flow, 
their values were found to improve after calibration.  
● The CORDEX simulation ensemble gives reliable simulations of climate and 
hydrological variables over the Rufiji River Basin. The ensemble mean 
reproduces the observed annual cycles and spatial patterns of the climate and 
hydrological variables over the RRB. However, some biases are noticeable for 
most part of the basin and for almost all the parameters involved. While some 
variables are underestimated, e.g. solar radiation, others are overestimated, e.g. 
temperature. The performance of the ensembles improves when considering the 
bias corrected models.  
● The simulation ensemble mean projects an increase in mean temperature, PET, 
ET, and precipitation over most parts of the basin with increasing GWL. 
However, the ensemble simulation projects inhomogeneous changes of 
hydrological variables, with some variables showing an increase, while others 
show a decrease with GWL. 
● The simulation ensemble mean projects an increase in the intensity and 
frequency of SPEI droughts with increased GWL over RRB but no changes with 
SPI. And for hydrological drought indices, the ensemble mean projects and 
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increase in RFI and SFI drought intensity but no changes for SWI and WYI with 
increasing GWL. As for drought frequency all the hydrological drought indices 
considered projected generally no change in frequency at all GWL. 
● Among the four land uses proposed, the projection of all hydrological variables 
(i.e. evapotranspiration, soil water, percolation, surface runoff, water yield and 
flow out) appears to be more pronounced (in terms of both increase and decrease 
intensity) with increased forestry land use, but for other land uses, the changes 
are minimal and sometimes no changes are observed at all.  
● The analysis of hydrological drought using different land uses shows that the 
ensemble projects a generally higher drought intensity and frequency for the 
land use of forestry, and to a lesser degree shrubs, but no changes are projected 
with land uses of agriculture and cropland grassland. 
 





This chapter summarises the findings of all the analyses performed in the study. It also 
presents the concluding remarks and provides some recommendations on how the study 
could be improved in the future and on the way forward. 
 
8.1 Summary 
This study has been motivated by the need to understand the characteristics of drought 
in Eastern Africa under past and future climates, because droughts pose such a serious 
threat to the lives and development of the people in the region. Whether it is 
meteorological drought, agricultural or hydrological drought, Eastern Africa is highly 
at risk. This study has thus used the recent drought index, i.e. the Standardized 
Precipitation-Evapotranspiration Index (SPEI), computed using rainfall and 
temperature data, to identify 3-month as well as 12- month drought over Eastern Africa. 
It firstly presented the temporal and spatial characteristics of the various drought modes 
over the region, and then examined the potential impacts of ongoing global warming 
on the characteristics of the major drought modes in eastern Africa. It also zoomed in 
to provide details of how climate change might affect four major river basins (Rufiji, 
Tana, Upper-Nile and Juba) at different warming levels, i.e. GWL1.5, GWL2.0, 
GWL2.5 and GWL3.0 under RCP4.5 and 8.5 scenarios. Lastly, the study examined the 
impacts of climate change and land use or land cover changes on future hydrological 
droughts in the Rufiji River Basin using the SWAT hydrology model. Four different 
land uses were considered in this regard: agriculture, forestry, cropland grassland and 
shrubs.  
 
To understand the capability of the model in capturing the climate as well as the drought 
of the region, a comparison was made of the observed and simulated climate and 
drought patterns. The observation data were obtained from different sources, i.e., the 
Climate Research Unit (CRU), station datasets from the Tanzania Meteorological 
Agency (TMA) and the Wami/Ruvu Basin Water Office (WRBWO), and the Global 
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Meteorological Forcing Dataset (GMFD). The simulation data came from 19 RCMs 
that participated in the Coordinated Regional Climate Downscaling Experiment 
(CORDEX) project. We also used SST, 20th Century Reanalysis, and GIS data. The 
major drought modes were extracted from the SPEI and SPI data by applying a PCA 
tool. The temporal structures of the modes were described by means of wavelet 
analysis. We used the wavelet coherence and correlation analysis to investigate the link 
between four climate indices (i.e. ENSO, IOD, TADI and QBO) and global SSTs in 
relation to each drought mode. The Self Organizing Map (SOM) algorithm was used to 
classify drought patterns into 12 most important patterns. Moreover, boxplot analysis 
was employed to quantify the projected changes in drought intensity and frequency at 
different GWLs, as well as under different land uses. Our study used the 1940-2014 
period to identify the major drought patterns in the observations. In order to evaluate 
the RCMs, the 1971-2000 period was used. The projected changes induced by each 
GWL were quantified using the difference between the climatic condition for the GWL 
period and the reference period (i.e. GWL minus reference). 
 
The findings of this thesis are divided into two main categories; a) results that extended 
previous studies and b) results that uniquely adding new dimensions in the 
characterization of droughts over eastern Africa. In both categories, the application of 
combining empirical methods (Wavelet Analysis, Wavelet Coherence, SOM, and 
SPEI/SPI) as well as numerical modeling (an ensemble of CORDEX regional climate 
and SWAT model simulations) ensures the robustness of the results and conclusions. 
The summary for each category is presented below: 
(a) 
● Four major drought modes (DM1, DM2, DM3 and DM4) account for more than 
46% of SPEI variability over eastern Africa and feature their cores over 
different areas of the region, namely: central eastern (DM1), southern and south-
western (DM2), north-western (DM3) and far north-eastern (DM4). These 
drought modes have different temporal variations and produced their maximum 
drought frequency in different decades within the study period (1940–2014).  
● The coupling of the drought modes to the atmospheric teleconnections (i.e. 
ENSO, IOD, TADI and QBO) also differ. DM1 mode is best coupled with IOD, 
DM2 with IOD and ENSO, DM3 with ENSO and TADI, and DM4 with IOD 
and ENSO. At the seasonal scale, there is a strong correlation between DM1 
CHAPTER 8 
Page | 133 
 
and SST over the Indian and Pacific Oceans in DJF and SON, and between DM2 
and SST over the tropical Indian Ocean in SON. 
● The CORDEX simulation ensemble gives reliable simulations of climate 
variables as well as the characteristics of the four major drought modes over 
eastern Africa, although the models struggle to reproduce the observed spatial 
variations of severe drought frequency over the region. The simulations and the 
CRU observations agree that using SPI (instead of SPEI) produced a lower 
drought frequency in the historical climate. However, the RCMs perform better 
at simulating SPEI than at reproducing SPI. 
● The simulation ensemble mean projects a substantial increase in the intensity 
and frequency of SPEI drought over the core of the drought modes and an 
increase in the intensity and frequency of SPEI droughts over most parts of East 
Africa, but with a smaller increase near the equator and along the coast. The 
magnitude of the increase grows with increasing GWLs. The SPI projections 
give opposite results to the SPEI over the drought modes and the entire eastern 
African region, in that the magnitude of the SPI changes is smaller than that of 
SPEI. 
● The drought projections (intensity and frequency) over the basins are more 
robust with the SPEI than with the SPI. However, the magnitude and robustness 
of the SPEI projections are more pronounced over the Upper-Nile and Juba 
basins than over the Rufiji and Tana basins. And with regard to the hydrological 
drought indices, the ensemble mean projects an increase in RFI and SFI drought 
intensity, but no changes for SWI and WYI with increasing GWL. As for 
drought frequency, all the hydrological drought indices considered projected 
generally no change in frequency at any of the GWLs. 
● The SOM classifications of the SPEI and SPI projections reveal that 90% of the 
simulations correctly distinguish between the SPEI and SPI projection patterns 
over East Africa. While some SOM nodes feature a substantial decrease in SPEI 
(drying) over the whole region, some nodes indicate an increase in SPI (wetting) 
over the entire region. 
(b) 
● The composite of SPEI drought shows that each drought mode can occur in any 
season, but the difference is in the associated drought intensity and area 
coverage during each season. The seasonal variability is more pronounced for 
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DM1 and DM2, with less seasonal changes noted in DM3 and DM4. The 
analysis of the drought modes also suggests that the net downward motion that 
suppresses drought over the drought mode core area is induced by the enhanced 
convection over the adjacent areas. The location of the adjacent convection 
varies with drought modes and with the seasons. 
● Among the four land uses proposed, the projection of all hydrological variables 
(i.e. evapotranspiration, soil water, percolation, surface runoff, water yield and 
flow out) appears to be more pronounced (in terms of both increase and decrease 
intensity) with increased forestry land use, but for other land uses, the changes 
are minimal and sometimes no changes are observed at all.  
● The analysis of hydrological drought using different land uses shows that the 
ensemble projects a generally higher drought intensity and frequency for the 
land use of forestry, and to a lesser degree shrubs, but no changes are projected 
with land uses of agriculture and cropland grassland.  
 
Therefore, over the RRB, hydrological drought mitigation should be considered with 
caution, especially when considering planting trees as a measure to combat drought. 
Also, planting shrubs in the basin can also pose some threats, although not as significant 
as forestry land cover. Although land uses agriculture and cropland grassland projected 
with positivity, it is always important to investigate further before using these as 
drought mitigation measures, because, for example, the type of agriculture practice can 
create some drawbacks under the drought conditions of the basin.  
 
8.2 Recommendations for future work 
Future work can improve the robustness of these results in many ways. For example, 
this present study has focused on using meteorological and hydrological drought indices 
to quantify drought. However, extending these projections to quantify the potential 
changes in drought using other types of drought indices may improve the knowledge 
gaps about droughts in eastern Africa. Also, more long-term droughts, like 24-months 
and 48-months, should be considered in order to have a longer term of drought 
evolution in eastern Africa. More work is also needed to improve the observation 
datasets at the local to regional level. High resolution observation datasets for climate 
as well as hydrology would add value for better representation of the region. The 
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consistency of the climate models in reproducing observed relevant climatic feature 
over eastern Africa is a key indicator of their potential use for future climate change 
projections. In this thesis, CORDEX ensemble demonstrated good skill in capturing 
drought over this region, although some inconsistencies still exist. Therefore, the 
quality of the projections can be improved by using higher resolution (5–20 km) 
simulations that better capture the interactions between the synoptic-scale features and 
the local-scale circulation. This could reduce the model biases and improve agreement 
among the models. Such high-resolution simulations are in fact the target of the second 
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